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Abstract 14 

The present research was carried out to retrieve dissolved oxygen (DOX) using the Copernicus 15 

Marine Services products from the Irish transitional and coastal waters. To achieve the research 16 

goal, the study developed and validated 2101 machine learning (ML)/artificial intelligence (AI) 17 

(supervised learning, stacking-ensembles, equations, and voting-based ensembles) and 18 

statistical models using multi-level (Level-3 and Level-4) Sentinel-3 OLCI (S3-OLCI) and 19 

Multi-sensor (MS) remote sensing (RS) datasets in conjunction with in-situ and modelled DOX 20 

datasets. While supervised models (e.g., K-nearest neighbours, Gradient boosting, and Extra 21 

decision trees) excelled in the training phase (EPA: MSE ≤ 0.03 with CI ± 0.02; Modelled: 22 

MSE ≈ 0 with CI ± 0) but showed limited generalizability on independent validation datasets 23 

(2022-2023), indicating poor model accuracy and sensitivity (EPA-2022: R2 = -0.03 – 0.16; 24 

EPA-2023: R2 = -0.09 – 0.1; Modelled-2022: R2 = 0.37 – 0.53; Modelled-2023: R2 = -1.39 – -25 

0.26). In terms of product, S3-OLCI outperformed MS data with low uncertainty, whereas 26 

spatio-temporal analysis showed the highest DOX in inshore/semi-enclosed bays and the 27 

lowest offshore. Overall, the results underscore that model performance is determined by 28 

methodological characteristics rather than model quantity. Despite the validation challenges, 29 

the results highlight key difficulties in retrieving optically inactive water quality (WQ) 30 

indicators like DOX using RS and ML/AI approaches. The findings of the research could be 31 

effective for supporting the mapping of baseline oxygen conditions, the application of ML/AI 32 

techniques to retrieve WQ indicators from RS products and their further technological 33 
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advancement, such as managing the anthropogenic water cycle (i.e., human-altered 34 

hydrological and nutrient dynamics).  35 

Keywords: Optically Inactive Water Quality, Remote Sensing, Copernicus Marine Service, 36 

Dissolved Oxygen, Data-driven model, Machine Learning 37 

1. Introduction 38 

Natural resources, such as water, are at risk of environmental deterioration due to growing 39 

population, globalization, industrialization, and land-cover change (Gani et al., 2023). These 40 

factors not only affect surface water quality (WQ) but also pose challenges for effective 41 

monitoring and management. Traditional in-situ measurements are the most reliable approach 42 

for routine WQ monitoring. However, this approach is quite expensive and laborious (e.g., 43 

requires a highly equipped laboratory and skilled manpower) and limits its scalability for large 44 

or remote waterbodies (Diganta et al., 2024; Sajib et al., 2025a).  45 

To overcome this issue, recently, scientists and organizations (e.g., the European Space Agency 46 

- ESA and the National Aeronautics and Space Administration - NASA) have highlighted that 47 

remote sensing (RS) technology could be a cost-effective and time-saving approach, which can 48 

be utilized for measuring/retrieving WQ from various waterbodies (Diganta et al., 2024; Sajib 49 

et al., 2025a). RS is a process of obtaining data/information about an object/area from a distance 50 

by measuring the reflected and emitted radiation (Frouin et al., 2019), specifically in the visible 51 

(≈ 400 to 700 nm) and near-infrared (≈ 700 to ≥ 2000 nm) wavelengths for ocean colour 52 

applications (Mobley et al., 2022). The ocean colour research began with the launch of the 53 

Coastal Zone Colour Scanner (CZCS) in 1978 to measure CHL (chlorophyll-a), CDOM 54 

(coloured dissolved organic matter), SPM (suspended particulate matter), etc., from space 55 

(Gordon, 2021; IOCCG, 2000; Martin Traykovski, 2003). Beyond WQ measurement, RS 56 

technology is also utilized to study ocean carbon mapping (Liu et al., 2025), ecosystem change 57 
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mapping (Makri et al., 2025), fish zone mapping (Nadeem et al., 2025), coral reef mapping 58 

(Moustafa et al., 2025), seagrass bed mapping (Lizcano-Sandoval et al., 2025), shallow-water 59 

bathymetry mapping (Karimi & Torabi, 2025), harmful algal bloom mapping (Zarbipour et al., 60 

2026), and pollution source identification (Fang et al., 2025; Moon et al., 2025; Shen et al., 61 

2025). 62 

Typically, WQ indicators measured by RS can be categorized into two types: (i) optically active 63 

(OA) (e.g., CHL, CDOM, SPM); and (ii) optically inactive (OI) WQ indicators (e.g., DOX - 64 

dissolved oxygen, TP - total phosphorus, TN - total nitrogen, Sajib et al., 2024a; Vakili & 65 

Amanollahi, 2020). A detailed description of these classifications can be found in Diganta et 66 

al. (2024) and Sajib et al. (2025a). Furthermore, in terms of optical complexity, waterbodies 67 

are classified as case-1 waters (e.g., open ocean) and case-2 waters (e.g., coastal regions, rivers, 68 

and lakes, Morel and Prieur, 1977; Gordon and Morel, 1983). To monitor these waterbodies, 69 

various multispectral (e.g., MODIS-Aqua/Terra, VIIRS, Sentinel-3 (S3) OLCI, Sentinel-2 (S2) 70 

MSI, Landsat-8 OLI) and hyperspectral satellites (e.g., Zhuhai-1, Geofan-5) with different 71 

spatial resolutions have been launched into space in the last few decades (Chen et al., 2022; 72 

Mohseni et al., 2022). Additionally, the Medium Resolution Imaging Spectrometer-MERIS 73 

cloud also play a pivotal role in aquatic observation, particularly for assessing CHL and 74 

turbidity (Lyu et al., 2015). Among these, the ESA encourages the use of the S2-MSI and the 75 

S3-OLCI products for ocean colour observations in the European Union (EU) waterbodies 76 

(Rixen et al., 2024). The S3-OLCI, which maintains the continuity of  MERIS, provides high-77 

quality ocean colour data and is available at levels L1 (here ‘L’ refers to level, e.g., uncorrected 78 

data), L2 (e.g., atmospherically corrected), L3 (e.g., gridded and atmospherically corrected), 79 

and L4 (e.g., a combination of satellite data and model), with 300 m resolution, accessible via 80 

the Copernicus Data Space Ecosystem (CDSE) (https://dataspace.copernicus.eu/) and the 81 

Copernicus Marine Service (CMS) server (https://dataspace.copernicus.eu/). Similarly, the 82 

https://dataspace.copernicus.eu/
https://dataspace.copernicus.eu/
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CMS provides L3 S2-MSI and multi-sensor (MS) L3/L4 products (Sajib et al., 2025b). A 83 

detailed description of these products can be found in Garnesson et al. (2024) and Colella et al. 84 

(2023). Although these products are freely available to users through the CMS platform, very 85 

few studies have tested the effectiveness of these products for retrieving both OA- and OI-WQ 86 

indicators (Brando et al., 2024; Chatziantoniou et al., 2022; Laura et al., 2025; Marchese et al., 87 

2024; Uddin et al., 2025a).  88 

Among OI-WQ indicators, DOX refers to the amount of oxygen dissolved in water, which 89 

plays a critical role in the growth and survival of aquatic life (Cai et al., 2023). The level of 90 

DOX in natural waters (typically ranging from 4 to 9.5 mg/L depending on various factors) is 91 

influenced by physical, chemical, and biological activities (Boyd, 2015). Since the mid-20th 92 

century, human-induced eutrophication, organic pollution, and ocean acidification have led to 93 

increased rates of oxygen depletion, resulting in hypoxic zones in coastal waters worldwide 94 

(Dai et al., 2023). These deoxygenation trends increase biodiversity loss, disrupt food chains, 95 

and decrease ecological services in populated coastal areas (Limburg et al., 2020). Therefore, 96 

maintaining standard DOX levels is essential for the survival of aquatic life, as low DOX can 97 

develop hypoxia (Li et al., 2023a). Typically, hypoxia occurs when the water flows from 98 

various sources injected into the waterbodies such as lakes, rivers, etc., and ends up in the 99 

coastal oceans through the flow process (Dong et al., 2024; Pannard et al., 2024). For example, 100 

regions like the Gulf of Mexico, the Chesapeake Bay, and the Saanich Inlet frequently 101 

experience hypoxia events due to the influx of nutrient-rich water from various sources (Kudela 102 

et al., 2024; Rabalais et al., 2010). In European coastal zones, the combined pressures of 103 

agricultural runoff, rapid urbanization, and climate change are increasingly recognized as 104 

threats to oxygen regimes (European Environment Agency, 2021). Therefore, in the EU, the 105 

Water Framework Directive (WFD: 2000/60/EC) mandates monitoring of indicators, such as 106 

DOX, to achieve “Good” status in all forms of waterbodies, including transitional and coastal 107 
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(TrC) waters (EU, 2019). As a result, countries like Ireland regularly assess DOX in TrC waters 108 

via the Environmental Protection Agency (EPA, Ireland) to protect marine ecosystems (EPA, 109 

2001; 2021a; 2023a). Additionally, due to increased human-induced pressures, there is an 110 

urgent need for accurate and scalable monitoring techniques to identify early indicators of dead 111 

zones and to facilitate mitigation efforts in human-affected coastal systems. However, the 112 

available in-situ monitoring data for TrC waters from sources, such as EPA (Ireland) are often 113 

insufficient for developing a RS-based model, specifically due to their sparse distribution and 114 

high atmospheric disturbances (e.g., clouds, precipitation) during the monitoring period 115 

(Delaney et al., 2023; Sajib et al., 2025b). In contrast, the CMS provides a full range of the 116 

DOX data across Ireland via the NEMO-PISCES (Nucleus for European Modelling of the 117 

Ocean-Pelagic Interaction Scheme for Carbon and Ecosystem Studies) numerical modelled 118 

data, also known as the “Atlantic Iberia Biscay Ireland - Irish Ocean Biogeochemistry product” 119 

(Gutknecht et al., 2019; Samlas et al., 2025). Although the NEMO-PISCES provides more 120 

frequent coverage, but many researchers recently have criticized this data in terms of data 121 

accuracy and reliability (Ford & Quiring, 2019; Mihailov et al., 2025; Zhao et al., 2024).  122 

Recent advancements integrate machine learning/artificial intelligence (ML/AI) with RS data 123 

to retrieve DOX concentrations (Li et al., 2023b; Luo et al., 2025; Shao et al., 2024). Among 124 

the various satellites utilized to retrieve DOX, the Landsat-8 OLI and the S2-MSI are the most 125 

widely utilized for retrieving the DOX concentrations from lake and river waters (Arias-126 

Rodriguez et al., 2023; Meng et al., 2022; Shi et al., 2024), followed by the MODIS-Aqua/Terra 127 

(Guo et al., 2021; Liu et al., 2022), the VIIRS (Kim et al., 2020), and other hyperspectral 128 

satellites (Wang et al., 2021; Yang et al., 2022). Furthermore, the existing DOX model often 129 

uses band ratios from red, green, blue, and near-infrared spectra, combined with ML/AI 130 

algorithms, such as support vector machine (SVM/SVR), extreme gradient boosting (XGB), 131 

extra tree regression (ETR), multi-modal deep neural network (MDNN), Catboost (CatB), 132 
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artificial neural network (ANN), gaussian process regression (GPR), deep neural network 133 

(DNN), and back propagation neural network (BPNN), etc., to retrieve DOX concentrations 134 

from lakes, reservoirs, rivers, and coastal waterbodies (Dong et al., 2023, 2024; Gao et al., 135 

2024; Li et al., 2020; Luo et al., 2025; Peterson et al., 2020; Salas et al., 2022; Shi et al., 2023; 136 

Tian et al., 2024; Toming et al., 2024). Additionally, several research utilized feature selection 137 

algorithms to optimize the number of RS bands or band ratios during the training period (Guo 138 

et al., 2021, 2023; Krishnaraj & Honnasiddaiah, 2022; Zhou et al., 2024). Yet, only about 38% 139 

(N = 16) of studies showed strong performance (coefficient of determination - R2 ≥ 0.8) during 140 

the training/testing period, and no universal band ratio or equation exists for DOX retrieval 141 

(see summary of DOX-based retrieval studies in Table S1 - supplementary materials-1).  142 

Despite these efforts, existing DOX retrieval approaches are insufficient in several ways. 143 

Firstly, the RS studies have primarily focused on OA indicators, and the least importance has 144 

been shown towards OI indicators like DOX (Diganta et al., 2024; Mohseni et al., 2022; Sajib 145 

et al., 2025a). Secondly, most of the previous research relied on satellite-derived L1 and L2 146 

products for retrieving DOX concentrations (Batur & Maktav, 2019; Karakaya & Evrendilek, 147 

2011; Krishnaraj & Honnasiddaiah, 2022; Peterson et al., 2020), overlooking the potential of 148 

L3/L4 products for better retrieval accuracy. Thirdly, to the best of the author’s knowledge, the 149 

developed model’s validation is limited in the literature in terms of the model’s generalization 150 

and transferability aspects. Most studies have relied on co-located in-situ data from the same 151 

study region, with limited use of completely independent datasets (unseen attributes) or testing 152 

across diverse geographical regions to rigorously evaluate model transferability, sensitivity, 153 

and uncertainty (Sajib et al., 2025a; 2025b; Uddin et al., 2025a). As a result, the reproducibility 154 

of these models under different environmental conditions has become a concern in terms of 155 

broader application and generalizability. Therefore, the research extensively explored and 156 

evaluated a range of ML/AI, including statistical approaches with independent validation 157 
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datasets for evaluating how the model’s generalization capabilities are influenced by their 158 

temporal changes of input attributes. Lastly, the S3-OLCI product’s potential for retrieving 159 

DOX concentrations remains underexplored globally, despite its design for ocean colour 160 

applications.  161 

The present research advances existing knowledge by addressing these gaps through a 162 

comprehensive evaluation of multi-level RS products (L3 and L4 products from S3-OLCI and 163 

MS) integrating with advanced ML/AI and statistical models for DOX retrieval in Irish TrC 164 

waterbodies. This study improves model reliability by testing independent datasets with the 165 

best-performing model to understand its generalizability in terms of sensitivity and uncertainty, 166 

which is essential for EU-WFD compliance and long-term marine environmental management. 167 

The research achieved its goal through the following objectives: 168 

• To compare the data accuracy between the EPA, Ireland, and the modelled DOX 169 

concentrations, and explore their relationship with multi-level RS products band.  170 

• To develop and evaluate the performance of various advanced ML/AI and statistical 171 

models in retrieving DOX concentrations for Irish TrC waters. 172 

• To compare the performance of various levels (L3 vs L4; and S3 OLCI vs MS data) of 173 

RS data in retrieving DOX concentrations.   174 

• To validate the best-performing model with independent datasets for retrieving DOX 175 

concentrations more accurately in terms of improving the model(s) sensitivity and 176 

uncertainty.  177 

2. Materials and methods 178 

2.1 Study area 179 

The research utilized the Irish TrC waterbodies for the development of model(s) and validation 180 

purposes (Fig. 1). The Ireland coastline (area ≈ 4660.28 miles) is characterized by the strong 181 

semi-diurnal tidal forces on the west coast, seasonal jet-like circulation on the east coast 182 
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(Brown et al., 2003; Creane et al., 2021; Fernand et al., 2006), and regional gyre-like 183 

circulations due to the density gradients and stratification (Brown et al., 2003). Collectively, 184 

these features lead to prolonged residence times in certain areas and impact the marine 185 

environment through pollutant accumulation and oxygen depletion (Olbert et al., 2011). 186 

Furthermore, seasonal stratification affects nutrient distribution and phytoplankton blooms, 187 

resulting in oxygen production/consumption cycle (Sharples et al., 2020). A detailed 188 

description of these features and their impact on the Irish TrC waters can be found in the 189 

supplementary material-1 as a continuation of subsection 2.1.  190 

Recent WQ reports found that approximately half of the Irish surface waters are in 191 

unsatisfactory condition (EPA, 2023a; Trodd et al., 2022). The EPA has highlighted that the 192 

increasing nutrient levels in TrC waters are damaging marine habitats (EPA, 2021b, 2023a, 193 

2023b), and significant pressures, such as agriculture and hydro-morphological changes are the 194 

primary causes of WQ degradation in Ireland (EPA, 2021b). Among them, nutrient gradients 195 

from agricultural runoff increase the eutrophication processes and oxygen-depleting algal 196 

blooms, resulting in the death of fish and benthic animals and plants (Sajib et al., 2025b). 197 

Additionally, climate-driven changes (e.g., warmer temperatures and altered precipitation) may 198 

further increase the risk of deoxygenation in transitional estuaries where salinity and 199 

temperature gradients intersect (Mahaffey et al., 2023). These interactions between natural and 200 

anthropogenic factors present the Irish TrC waters as an important system for RS-based 201 

modelling of DOX.  202 
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 203 

Fig 1. Map of Irish EPA monitoring sites and the NEMO-PISCES data sampling sites utilized in this study to 204 
retrieve DOX concentrations.  205 

2.2 Remote sensing data 206 

The research utilized S3-OLCI and MS products from the CMS repository, which cover data 207 

between 2016-2023 (Table S2 – supplementary materials-1). The justification for selecting 208 

these products and their detailed description can be found in the supplementary material-1 as a 209 

continuation of subsection 2.2. Typically, the CMS provides RS products in reflectance (Rrs) 210 

with various bands. The Rrs is defined as the ratio between water-leaving radiance (Lw) and 211 

downwelling spectral irradiance (Ed) (Eq. 1) (Diganta et al., 2024; Sajib et al., 2025b). In this 212 

study, the reflectance bands were converted into the water-leaving reflectance (Rhow) using 213 

the formula (Eq. 2) suggested by Mobley (2022). Furthermore, the methodological architecture 214 

of this study can be found in Fig. 2.  215 

𝑅𝑟𝑠 =  
𝐿𝑤

𝐸𝑠
                                                                                                                                    (1) 216 
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𝑅ℎ𝑜𝑤 =  𝑅𝑟𝑠 ×  𝜋                                                                                                                               (2) 217 

 218 
Fig. 2. Methodological framework of the research (here, SLM, SEM, EM, VM, and SM refer to supervised 219 
learning model, stacking-ensembles model, equations model, voting-based ensembles model, and statistical 220 
model, respectively). 221 

2.3 Water quality data 222 

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

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

between 2016 and 2023. The details of the DOX concentration sources are as follows:  225 
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(i) EPA data: In this research, a total of 618 monitoring sites from the EPA were utilized for 226 

matchup with RS data. Detailed description of the WQ program of the EPA can be found in 227 

the supplementary materials-1 as a continuation of subsection 2.3. The EPA measured DOX 228 

concentrations in both milligrams per liter (mg/L) and percentage of saturation (% sat), which 229 

is openly accessible for all users at the following link: https://www.catchments.ie/. For 230 

homogeneity, the current study converts % sat data into mg/L and considers 1m depth of data.  231 

(ii) NEMO-PISCES/ Modelled data: The modelled product includes daily and monthly DOX 232 

data, and other indicators (e.g., CHL, nitrates - NO3, phosphates - PO4, ammonium - NH4). 233 

Detailed description of the modelled data can be found in the supplementary materials-1 as a 234 

continuation of subsection 2.3. In this research, a total of 6650 sampling sites were utilized for 235 

matchups with RS data. The modelled DOX concentration is provided in micromoles per liter 236 

(µmol/L). To ensure consistency with the EPA data, these concentrations were converted to 237 

mg/L. A detailed description of modelled data can be found in McGovern et al. (2022) and 238 

Gutknecht et al. (2019). 239 

2.4 Data understanding and preparation 240 

2.4.1 Matchup procedure 241 

The research used a 3×3-pixel window to calculate the median value of each pixel for both S3-242 

OLCI and MS product(s) in the ESA SNAP Version 11.0.0 on the Windows 11 platform. The 243 

selection of a 3×3-pixel window is based on the optical complexity and non-homogenous 244 

condition of the Irish TrC waters, where a larger window (e.g., 5×5) may introduce high 245 

variability in RS data (Sajib et al., 2025b). Moreover, the selection of median aggregation is 246 

based on the recommendation of previous research conducted by different researchers and 247 

organizations (IOCCG, 2019; Maciel et al., 2023). Furthermore, the median aggregation is 248 

widely utilized in the field of ocean colour RS due to its robustness against outliers, accurate 249 

representation of central tendency, and its suitability for skewed data (Coffer et al., 2025; 250 

https://www.catchments.ie/
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IOCCG, 2019). Additionally, in order to ensure data quality, a post-matchup filtering threshold 251 

process was implemented, where only pixels with more than 50% valid data (e.g., 5 out of 9 252 

pixels) were retained. The filtering procedures are consistent with the EUMETSAT (2021) and 253 

Bailey & Werdell (2006) guidelines, which recommended maintaining a minimum matchup 254 

threshold of 50%+1 valid pixels to ensure a balance between statistical robustness and data 255 

usability. Further description of matchup procedure can be found in the supplementary 256 

material-1 as a continuation of subsection 2.4.1.  257 

2.4.2 Outlier treatment 258 

The current research utilized four of the most popular outlier treatment procedures, including 259 

Z-score (applied with a threshold value of 3), modified Z-score (MoD-Z, applied with a 260 

threshold value of 3.5), local outlier factor ( LoF, applied with a contamination factor value of 261 

0.05 to 0.5), and isolation forest ( IsoF, applied with a contamination factor value of 0.05 to 262 

0.5) for data processing and cleaning, following the methodology of Uddin et al. (2024a). A 263 

detailed description of these outlier’s techniques and the rationale for selecting these outliers 264 

in this research can be found in supplementary materials-1 as a continuation of section 2.4.2.  265 

2.4.3 Data splitting 266 

Prior to model development, temporal aggregation was utilized on both DOX and RS products 267 

to reduce short-term variability and improve robustness. Daily/monthly DOX concentrations 268 

and Rhow band values were aggregated into yearly average values. This approach ensures a 269 

consistency between RS products and DOX observations by maintaining interannual 270 

variability, which minimizes noise and seasonal impacts in the dataset (Alarcon Falconi et al., 271 

2020; Forkel et al., 2013). Furthermore, this kind of approach is well established in the field of 272 

large-scale environmental assessment and RS-based studies (Sajib et al., 2025a; Uddin et al., 273 

2025a).  274 
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Although there is no clear guidance for best split/ratio practice in the data science field and 275 

ML/AI applications, specifically for environmental modelling. Therefore, researchers use 276 

common split ratios for training and testing, including 50:50, 70:30, 67:33, and 80:20, 277 

depending on the sample sizes and model complexity (Joseph & Vakayil, 2022; Sarker, 2021). 278 

Among these, the 80:20 split is justified by the renowned Pareto principle, which emphasizes 279 

the critical aspect that produces the most significant results (Joseph, 2022), whereas the 70:30 280 

splits are widely utilized for highly complex models (Sivakumar et al., 2024). These types of 281 

splits/ratios are well established and frequently utilized in the field of environmental modelling 282 

and ML/AI applications in order to reduce overfitting and more accurate parameter estimation 283 

with the moderate sample size used in this research (Joseph & Vakayil, 2022; Luo et al., 2025; 284 

Nguyen et al., 2021). In accordance with recommendations from previous studies (Krishnaraj 285 

& Honnasiddaiah, 2022; Joseph, 2022; Luo et al., 2025; Peterson et al., 2020; Quang et al., 286 

2023; Zhou et al., 2024) and prior research conducted by the authors (Sajib et al., 2025b; Uddin 287 

et al., 2022a; Uddin et al., 2023), the research used 80:20 and 70:30 random splits for 288 

supervised, stacking-ensembles, voting-based ensemble, and statistical models (see section 289 

2.6) to ensure a comprehensive model training and performance evaluation with the aggregated 290 

multi-year dataset (2016–2021). To further evaluate model generalizability and temporal 291 

transferability, the study used two independent datasets (2022 and 2023) for validation 292 

purposes. On the other hand, since the equation models solely rely on explicit analytical 293 

equations rather than data-driven techniques, and random train/test splitting may reduce 294 

parameter stability, therefore, the full dataset was utilized for model training and tested with 295 

the 2022 dataset. However, it’s worth noting that the predictive capability of equation-based 296 

models was evaluated using an independent dataset (2023) to provide an unbiased and thorough 297 

evaluation of their generalizability and transferability.  298 
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2.5 Feature engineering 299 

The research utilized five embedding-based models, including linear regression (LR), decision 300 

trees (DT), extreme gradient boosting (XGB), k-nearest neighbor ( KNN ), random forest (RF); 301 

and seven wrapper-based feature engineering models, such as recursive feature elimination – 302 

Linear regression (RFE-LR), recursive feature elimination–random forest (RFE-RF), recursive 303 

feature elimination cross validated – linear regression (RFECV-LR), recursive feature 304 

elimination cross validated – random forest (RFECV-RF), sequential feature selector – random 305 

forest (SFS-RF), extreme gradient boosting – grid search/random search (XGB-GS/XGB-RS), 306 

and SHapley Additive exPlanations–K-nearest neighbors (SHAP-KNN), following the 307 

methodology of Uddin et al. (2023) for feature optimization. A detailed description of these 308 

approaches, implementation methodology, and rationale for selection can be found in the 309 

supplementary materials-1 as a continuation of section 2.5. 310 

2.6 Model development process 311 

In this research, a total of 2101 advanced ML/AI and statistical models were developed to 312 

retrieve DOX concentrations from RS products (Table 1). These models comprise five main 313 

groups, including supervised learning, stacking-ensembles, equations, voting-based 314 

ensembles, and statistical model. Each group of models builds on distinct architecture with 315 

unique characteristics. A brief summary of these models can be found in Table 1. Additionally, 316 

developed model(s) are selected based on prior research conducted by authors (Sajib et al., 317 

2024b; Uddin et al., 2022a; 2022b; 2023) and recommended by results of various RS-based 318 

DOX retrieval studies (Batur & Maktav, 2019; Dong et al., 2023; Gao et al., 2024; Guo et al., 319 

2021; Li et al., 2020; Luo et al., 2025; Salas et al., 2022; Sharaf El Din & Zhang, 2017; Shi et 320 

al., 2023; Tian et al., 2024; Toming et al., 2024; Yang et al., 2023). All models were trained on 321 

average annual data from 2016 to 2021 for S3-OLCI and MS products. Moreover, in the 322 

validation phase, two independent datasets (2022 and 2023) were utilized with the best-323 
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performing model. A detailed description of the various model development processes can be 324 

found in the supplementary materials-1 as a continuation of section 2.6.  325 

Table 1: Summary of models and dataset utilized during model training and validation phase in this research.  326 

Model group Definition Base models Feature 

engineeri

ng  

(Y = Yes 

/N = No) 

No of 

develop 

models 

Dataset 

used in 

training 

and 

testing 

phase 

Dataset used 

in 

validation 

Phase 

Outlier 

treatment 

(i) 

Supervised 

learning  

model 

refer to 

standalone 

Ml/AI 

algorithms 

AdaB, BPNN, 

BRR, CatB, 

DNN, DT, 

ExDT, GAM, 

GB, GPR, 

GRU, HM, 

KNN, KNNR, 

LARS, 

LGBM, 

LSTM, MLP, 

OMP, 

RANSAC, 

RF, SGD, 

SVM/SVR, 

XGB  

N 28 32 64 Four outliers 

(Zscore, MoD-

Z, LoF, IsoF) 

treated datasets 

(ii) 

Stacking-

ensemble  

model 

refer to 

aggregation-

based 

approaches 

(using 

“StackingRegrs

sor” and 

“itertools.combi

nations” 

function in 

Python 

platform) that 

combined with 

a meta-learner 

(here, Linear 

Regression 

model) to 

produce the 

final output  

 

AdaB, CatB, 

DT, GB, 

GPR, KNN, 

MLP, LR, RF, 

SVM, XGB 

N 2047 8 16 LoF treated 

datasets 

(selected based 

on supervised 

model 

performance 

result) 

(iii) 

Equation  

model 

refer to non-

linear pre-

defined 

mathematical 

equation-based 

regression 

models 

Arctan, 

Cosine, 

Equation, 

Exponential, 

Hyperbolic, 

Inverse 

power, 

Polynomial, 

Power, 

Quadratic, 

Cubic, 

Reciprocal, 

Y 14 96 192 LoF treated 

datasets 

(selected based 

on supervised 

model 

performance 

result) with 12 

feature 

selection 

methods   
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Sigmoid, 

Sine, Tangent  

(iv) Voting-

based  

ensemble  

model 

refer to 

aggregation-

based 

approaches 

(using 

VotingRegresso

r function in 

Python 

platform) that 

utilized multiple 

base 

regressor/learne

r models to 

develop an 

ensemble meta-

estimator model 

CatB, GPR, 

KNN, MLP, 

RF, SVM, 

XGB 

N 9 8 16 LoF treated 

datasets 

(selected based 

on supervised 

model 

performance 

result) 

(v) 

Statistical  

model 

refer to 

statistical 

regression 

models 

OLS, PCR, 

PLS  

Y 3 8 16 LoF treated 

datasets 

(selected based 

on supervised 

model 

performance 

result) with 12 

feature 

selection 

methods  
[here = Adaboost (AdaB), Back propagation neural network (BPNN), Bayesian ridge regression (BRR), Catboost (CatB), 327 

Decision trees (DT), Deep neural network (DNN), Extra decision trees (ExDT) , Extreme gradient boosting (XGB) , Gated 328 

recurrent unit networks (GRU), Gaussian process regression (GPR), Generalize adaptive model (GAM), Gradient boosting 329 

(GB), Huber model (HM), K-nearest neighbour (KNN), Kernel ridge regression (KNNR), Least-angle regression (LARS), 330 

Light gradient boosting machine (LGBM), Long short-term memory (LSTM), Multilayer perceptron (MLP), Ordinary least 331 

squares (OLS), Orthogonal matching pursuit (OMP), Probabilistic random forest (PRF), Principal components regression 332 

(PCR), Partial least squares regression (PLS), Random forest (RF), Random sample consensus (RANSCA), Stochastic 333 

Gradient Descent (SGD), Support vector machine/Support vector regression (SVM/SVR)] 334 

2.7 Model performance assessment and optimal model selection 335 

The research utilized four widely utilized statistical metrics, including root mean square error 336 

(RMSE - Eq. 3), mean square error (MSE - Eq. 4), mean absolute error (MAE - Eq. 5), and 337 

percentage of absolute bias error (PABE - Eq. 6), to measure the performance of various 338 

models. A detailed description of these metrics and the rationale for their selection can be found 339 

in supplemental materials-1 as a continuation of subsection 2.6.2. Additionally, the 340 

performance metrics uncertainty was assessed using non-parametric bootstrap resampling with 341 

2000 iterations and a 95% confidence interval (CI) percentile method (Rodrigues et al., 2019; 342 

Thai et al., 2014). The equations of these metrics are as follows:  343 
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RMSE =  √
1

m
 ∑ (𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 − 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

2m
i=1                                                                  (3) 344 

MSE =  
1

m
 ∑ (𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 − 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

2m
i=1                                                                        (4) 345 

MAE =  
1

m
∑ |𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 − 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|m

i=1                                                                            (5) 346 

PABE =
1

m
∑

|𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙−𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|

𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙

m
i=1 × 100                                                                        (6) 347 

where 𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 is the actual value and 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is its corresponding predicted value. 348 

𝑚 is the total number of observations.  349 

Furthermore, a comprehensive rank-sum approach was utilized, following the methodology of 350 

Uddin et al. (2023), to identify the optimal model. This method involves assigning individual 351 

ranking values for each metric, where higher and lower values indicate excellent and poor 352 

performance, respectively (Sajib et al., 2024b; Uddin et al., 2022a). A detailed description of 353 

this approach can be found in Uddin et al. (2023). A major advantage of the rank sum approach 354 

is that it balances the consideration of multiple metrics (Diganta et al., 2025). In this study, 355 

selecting the best model was a crucial step because the best-performing model was 356 

subsequently utilized for model validation with independent datasets. The performance metrics 357 

(RMSE, MSE, MAE, and PABE) and sensitivity score (R2) were utilized to evaluate the 358 

optimal model.  359 

2.8 Model retrieving error evaluation 360 

The research utilized the Percent of Relative Error Index (PREI) and Percentage of Bias 361 

(PBIAS) metrics to estimate model retrieval errors. Among them, PREI was utilized to measure 362 

the relative error at each monitoring/sampling site, whereas PBIAS measures the systematic 363 

bias between actual and retrieved DOX concentrations (Sajib et al., 2024b). These metrics 364 

express results in percentages. A PREI and PBIAS value close to 0 indicates low error, while 365 

a larger value indicates significant bias in retrieving data (Uddin et al., 2022a). Furthermore, a 366 

positive (‘+’) and negative (‘-’) PREI value indicates overestimation and underestimation of 367 



20 

 

the result, respectively (Uddin et al., 2022a). These metrics have been used in numerous studies 368 

to evaluate model prediction error (Aslan et al., 2022; Ozdemir et al., 2023). A detailed 369 

description of these metrics can be found in Sajib et al. (2024b). The PREI (Eq. 7) and PBIAS 370 

(Eq. 8) formulas are defined as follows: 371 

𝑃𝑅𝐸𝐼 =  (
𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙−𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙
) ×  100                                                                                 (7) 372 

where 𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 actual score for ith sample and 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the mean predicted score. 373 

𝑃𝐵𝐼𝐴𝑆 =  (
∑ (𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙−𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)m

i=1

𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙
) ×  100                                                                         (8) 374 

where 𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 actual score for ith sample and 𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the mean predicted score. 375 

2.9 Model sensitivity and uncertainty analysis 376 

Typically, model sensitivity is utilized to assess how model input parameters affect the target 377 

variable (Šiljić Tomić et al., 2018). The study utilized the R2 (Eq. 9) for model sensitivity 378 

assessment, a common approach for assessing model sensitivity (Diganta et al., 2025; Fan et 379 

al., 2018; Uddin et al., 2025a). R2 value close to 1 indicates a high level of agreement, whereas 380 

a value close to 0 or -/∞ indicates a poor level of agreement between input and output variables 381 

(Chicco et al., 2021). The formula of R2 is defined as follows: 382 

R2 = 1 −
∑ (𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙−𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

2m
i=1

∑ (𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙−𝐷𝑂𝑋̅̅ ̅̅ ̅̅ ̅𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)
2m

i=1

                                                                                     (9) 383 

where m is the total number of observations, 𝐷𝑂𝑋𝑎𝑐𝑡𝑢𝑎𝑙 is the actual value, and the 384 

𝐷𝑂𝑋̂𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 is the predicted value and 𝐷𝑂𝑋̅̅ ̅̅ ̅̅
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 mean of the actual value. 385 

On the other hand, the model uncertainty was quantified using inferential error bars with a 95% 386 

CI method, following the methodology of Cumming et al. (2007). In this method, the length of 387 

bars visually represents the amount of uncertainty, and the CI presents the possible range for 388 

the true mean. Similar methods have been utilized in numerous studies to measure model 389 
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uncertainty (Hofman et al., 2020; Uddin et al., 2024a; Van Allen et al., 2008). Furthermore, 390 

following the methodology of Shaw (2017), a probability distribution function (PDF) and 391 

cumulative distribution function (CDF) were utilized to visualize the uncertainty between 392 

model development and validation datasets for both RS products.  393 

2.10 Geospatial mapping and statistical analysis 394 

In this research, empirical bayesian kriging (EBK) was utilized to illustrate the distribution of 395 

DOX for modelled data, whereas the unclassed symbology (also known as choropleth 396 

mapping) approach was used for the EPA dataset. Moreover, several statistical techniques were 397 

utilized to understand the distribution (normal or non-normal), spatial autocorrelation, temporal 398 

trends, and relationship within the utilized datasets using the Shapiro-Wilk statistics, the Mann-399 

Whitney U test, the Global Moran’s I statistic, and the Mann-Kendall statistic. A detailed 400 

description of these techniques can be found in the supplementary materials-1 as a continuation 401 

of section 2.10.  402 

3. Result 403 

3.1 Data distribution and outlier treatment 404 

3.1.1 DOX concentration distribution 405 

In order to evaluate the differences between EPA and modelled DOX, the study measures the 406 

descriptive statistics, spatial autocorrelation, and significance differences of the datasets used, 407 

covering the periods of 2016-2021, 2022, and 2023. Fig. S1-S2 (supplementary materials-1) 408 

show the descriptive statistics, whereas the spatial distribution of the S3-OLCI and MS 409 

matchup DOX datasets are presented in Fig. 3, Fig. 4, and Fig. S3-S6 (supplementary materials-410 

1).  411 

The research found a statistically significant positive spatial autocorrelation based on the 412 

Global Moran’s I statistics for S3-OLCI matchup EPA-sourced DOX datasets, including 2016-413 

2021 (N = 289, I = 0.037, p-value < 0.05), 2022 (N = 214, I = 0.464, p-value < 0.05), and 2023 414 
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(N = 179, I = 0.425, p-value < 0.05) (Fig. 3 and Fig. S3-S4 – supplementary materials-1), 415 

indicating a spatial clustering rather than random spatial variation. Similarly, statistically 416 

significant positive spatial autocorrelation was also observed in modelled-derived DOX dataset 417 

(2016-2021: N = 6466, I = 0.695, p-value < 0.05; 2022: N = 6495, I = 0.526, p-value < 0.05; 418 

2023: N = 6495, I = 0.5, p-value < 0.05). Moreover, a statistically significant difference was 419 

found between the S3-OLCI matchup EPA and modelled data, which is justified by the Mann-420 

Whitney U test result with a p-value < 0.05 (2016-2021: U = 1844040.5, p-value < 0.05; 2022: 421 

U = 1374644, p-value < 0.05; 2023: U = 1155392, p-value < 0.05), highlighting systematic 422 

differences in data despite similar spatial clustering characteristics.  423 

Furthermore, the Mann-Kendall test indicated there were no temporal trends during the study 424 

period in the EPA-sourced DOX (average Tau value = -0.01658 and average p > 0.05) and 425 

modelled-derived DOX (average Tau value = -0.54877 and average p > 0.05) datasets 426 

(supplementary materials-2). The absence of a significant temporal trend in the datasets could 427 

be due to temporal aggregation (2016-2021) applied during the model development, which 428 

limits the sensitivity of trend detection (Morbidelli et al., 2018). In the S3-OLCI matchup, the 429 

EPA data (L3-OLCI) for 2016-2021 range from 10.21 mg/L to 11.55 mg/L with a mean value 430 

of 10.08 ± 0.56 mg/L, whereas the modelled data range from 8.74 mg/L to 9.44 mg/L with a 431 

mean value of 8.95 ± 0.11 mg/L. It is noteworthy that similar variations were also observed for 432 

the 2022 and 2023 datasets (Fig. S1).  433 

 434 
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Fig. 3. Spatial distribution of S3-OLCI matchup DOX (mg/L) measurements for 2016-2021 dataset.  435 

On the other hand, for the MS products, both EPA-sourced (2016-2021: N = 149, I = 0.098, p-436 

value < 0.05; 2022: N = 117, I = 0.2, p-value < 0.05; and 2023: N = 95, I = 0.033, p-value < 437 

0.05) and modelled-derived (2016-2021: N = 6003, I = 0.589, p-value < 0.05; 2022: N = 5890, 438 

I = 0.49, p-value < 0.05; and 2023: N = 5890, I = 0.612, p-value < 0.05) DOX showed 439 

statistically significant positive spatial autocorrelation across all study periods, indicating 440 

spatial clustering (Fig. 4 and Fig. S5-S6 – supplementary materials-1). In addition, the Mann-441 

Whitney U test result indicated statistically significant differences between MS matchup EPA 442 

and modelled-derived DOX measurements (2016-2021: U = 895604, p-value < 0.05; 2022: U 443 

= 680100, p-value < 0.05; 2023: U = 549959.5, p-value < 0.05).  444 

In the MS matchup, the EPA dataset 2016-2021 ranges from 8.96 mg/L to 11.55 mg/L with a 445 

mean value of 10.23 ± 0.56 mg/L, whereas the modelled data range from 8.74 mg/L to 9.44 446 

mg/L with a mean value of 8.95 ± 0.11 mg/L (Fig. S2 – supplementary materials-1), indicating 447 

high inconsistency between the EPA and the modelled data, which is further validated by the 448 

Mann-Whitney U test result. In EPA data for both products, a high standard deviation (SD) is 449 

observed across the products (L3-OLCI = 0.52 mg/L; L3-MS = 0.88 mg/L; L4-OLCI = 0.52 450 

mg/L; L3-MS = 0.44 mg/L), indicating high variation among the monitoring/sampling sites, 451 

whereas a low SD is observed for modelled data (SD = 0.13 for all datasets), indicating low 452 

variation in the data (Fig. S2 – supplementary materials-1). 453 

 454 
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Fig. 4. Spatial distribution of MS matchup DOX (mg/L) measurements for 2016-2021 dataset.  455 

3.1.2 Characteristics of RS data 456 

Fig. 5 and Fig. 6 show the statistical distribution of RS bands (here referred to as Rhow) across 457 

four different datasets - (i) L3-OLCI, (ii) L4-OLCI, (iii) L3-MS, and (iv) L4-MS, respectively. 458 

It can be seen from Fig. 5 that, in the EPA matchup with S3-OLCI products, all Rhow bands 459 

are distributed between values 0 and 0.06, whereas modelled matchup datasets are distributed 460 

between values 0 and 0.08. Across the datasets, Rhow_5 and Rhow_6 show high variability 461 

compared to other bands (Fig. 5). Typically, these bands are crucial for case-2 waters, as they 462 

are highly sensitive to pigments, such as CHL (Diganta et al., 2024; Sajib et al., 2025b). In 463 

contrast, the red bands (refer to Rhow_7 to Rhow_10) and the Rhow_11 band showed high 464 

absorption compared to other bands. Similar characteristics for OLCI bands have been reported 465 

in previous validation and algorithm assessment studies (Diganta et al., 2024; Gleratti et al., 466 

2024; Mikelsons et al., 2022; Sajib et al., 2025b; Sagan et al., 2020; Uddin et al., 2025a; 467 

Vanhellemont & Ruddick, 2021). Among the different levels of data, a consistent trend was 468 

observed for L4 datasets (Fig. 5b), whereas a wider distribution was found for L3 datasets, 469 

indicating higher variability. Moreover, Rhow bands showed statistically significant positive 470 

spatial autocorrelation across all the study periods (e.g., average Moran’s I for the 2016-2021 471 

dataset: EPA-L3 = 0.678, EPA-L4 = 0.687, Modelled-L3 = 0.645, Modelled-L4 = 0.644), 472 

indicating spatial clustering characteristics in Rhow bands. Similar characteristics for RS data 473 

have been reported in previous studies (Griffith & Chun, 2016; Karasiak et al., 2022; Warner 474 

& Shank, 1997). Detailed descriptions of measured Moran’s I with p-values for each Rhow 475 

band (S3-OLCI) can be found in Table S3 (supplementary materials-1).  476 
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 477 

Fig. 5. Statistical summary of various bands (Rhow) of S3-OLCI products. (For a better interpretation of the colour 478 
references in this figure, readers are encouraged to read the web version of this article)  479 

From Fig. 6, it can be seen that the L4 data bands had fewer outliers than the L3 data in EPA 480 

matchups. The presence of a few outliers in the L4 data is attributed to spatial and temporal 481 

averaging, interpolation, and smoothing techniques (Brando et al., 2024; Colella et al., 2023; 482 

Garnesson et al., 2024; Sajib et al., 2025b). In L3 data, the maximum and minimum reflectance 483 

values were found for the Rhow_4 (green band) and Rhow_5 (red band) bands. In contrast, in 484 

L4 data, the maximum and minimum reflectance values were found for the Rhow_5 (green 485 

band) and Rhow_6 (red band) bands, respectively (Fig. 6a, b). The findings are consistent with 486 

earlier studies where green bands showed high scattering and red bands showed low absorption 487 

in various waterbodies (Diganta et al., 2024; Gleratti et al., 2024; Mikelsons et al., 2022; 488 

Vanhellemont & Ruddick, 2021). The MS datasets show a consistent trend for the L4 datasets 489 

(Fig. 6b), whereas a wider distribution is found in the L3 datasets, indicating higher variability. 490 

However, similar to EPA datasets, a fluctuation in the distribution of Rhow bands was found 491 

in the modelled datasets for 2022 and 2023 compared to the 2016-2021 dataset. Such variability 492 

could be the combination of various factors, including sensor-specific issues, environmental 493 
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factors, averaging multi-year data, data harmonization issues, etc. (Chen et al., 2022; Janga et 494 

al., 2023; Stein et al., 2018; Zhu et al., 2022b).  495 

Based on the statistical overview of the datasets, the modelled L4 data for both products (OLCI 496 

and MS) found relatively less variability than the L3 data, indicating more consistent 497 

reflectance values during the study period. These characteristics of the L4 datasets are 498 

consistent with earlier studies, where L4 datasets are ascribed to be relatively stable due to their 499 

composite nature (Brando et al., 2024; Colella et al., 2023; Garnesson et al., 2024; Uddin et al., 500 

2025a). Furthermore, a statistically significant positive spatial autocorrelation was found in the 501 

MS dataset for all Rhow bands (e.g., average Moran’s I for the 2022 dataset: EPA-L3 = 0.386, 502 

EPA-L4 = 0.736, Modelled-L3 = 0.674, and Modelled-L4 = 0.674), indicating a non-random 503 

distribution. The findings are aligned with previous studies (Griffith & Chun, 2016; Karasiak 504 

et al., 2022; Warner & Shank, 1997). Detailed descriptions of measured Moran’s I with p-505 

values for each Rhow band (MS products) can be found in Table S4 (supplementary materials-506 

1).  507 

 508 

Fig. 6. Statistical summary of various bands (Rhow) of MS products. (For a better interpretation of the colour 509 
references in this figure, readers are encouraged to read the web version of this article) 510 
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3.1.3 Relationship between Rhow bands and DOX concentrations 511 

For the purposes of understanding the interrelationship between Rhow bands and DOX 512 

concentrations, the research utilized the Spearman rank correlation analysis that could be 513 

effective to mitigate the problem of multicollinearity issues. Fig. 7 shows the relationship 514 

between various Rhow bands and DOX concentrations for both OLCI and MS products. It can 515 

be seen from Fig. 7(a) that the Rhow_3 to Rhow_6 bands showed a slight positive correlation 516 

with EPA-sourced DOX, whereas Rhow_3 shows a moderate negative correlation with 517 

modelled-derived DOX in L3 (r = -0.4) and L4-OLCI (r = -0.41), which is not very significant. 518 

The negative correlation indicates that the Rhow_3 band could affect the DOX retrieval process 519 

using RS data. On the other hand, no notable association was found between MS products (L3 520 

and L4) with EPA-sourced DOX (Fig. 7b). However, a strong negative correlation (> 0.5) was 521 

found between Rhow bands (Rhow_1-Rhow_2) with MS products (L4) matchup modelled-522 

derived DOX. Moreover, a moderate negative correction was observed for Rhow_1 (r = -0.48) 523 

with MS products (L3) matchup modelled-derived DOX. The above result indicates that, 524 

considering these relationships, a low multicollinearity problem could be expected in 525 

developing the DOX retrieval model.  526 

 527 

Fig. 7. Correlation between DOX concentrations and various bands (Rhow) for utilized RS products. 528 
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3.1.4 Matchup datasets and outlier treatment result 529 

The research used the EUMETSAT (2021) recommended method for the matchup process and 530 

four outlier treatment methods to execute extreme values. The matchup results for both the 531 

EPA and the modelled data sites after removing the outlier can be found in Table S5 532 

(supplementary materials-1). The same number of matchups (both EPA and modelled sites) 533 

were found for both L3- and L4-OLCI data. However, the L3 and L4 datasets yielded different 534 

matchup results for MS products. It could be due to the availability of the number of bands in 535 

L3 (number of bands = 6) and L4-MS (number of bands = 5) products (Garnesson et al., 2019; 536 

Saulquin et al., 2019). Across the study period for both EPA and modelled datasets (L3 and 537 

L4), the Z-score, LoF, and IsoF methods retained around 90-95% of data, whereas the MoD-Z 538 

method removed more than 15% of data (Table S5 - supplementary materials-1).  539 

In this research, the best outlier treatment method was selected based on the balanced execution 540 

of extreme values by outlier methods and its impact on the predictive performance of 541 

supervised models. A total of 28 supervised models were evaluated for each outlier-treated 542 

dataset to determine the suitable method that yields the most stable and accurate model 543 

performance. Moreover, the LoF method is effective for heterogeneous and non-normally 544 

distributed datasets (Alghushairy et al., 2021; Uddin et al., 2024a), which are the characteristics 545 

of the data utilized in this study (see section 2.10). Furthermore, the selection of only 546 

supervised models is to reduce computational time and manage the large volume of outcomes. 547 

The performance results of various outlier treatment datasets with 28 supervised models can 548 

be found in supplementary materials-3 and supplementary materials-4. Moreover, a summary 549 

of the best-performing dataset based on various outlier methods with supervised models can be 550 

found in Table S6 (supplementary materials-1). Finally, based on the best outlier method 551 

outcomes (datasets), they were subsequently applied to train, test, and validate the stacking-552 

ensembles, equations, voting-based ensembles, and statistical models.  553 
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3.2 Performance of various model(s) 554 

A group of models (supervised, stacking-ensembles, voting-based ensembles, equations, and 555 

statistical model) were utilized in this research to retrieve DOX concentrations from various 556 

RS products (see sub-section 2.6). Subsequently, performance metrics, such as RMSE, MSE, 557 

MAE, and PABE with 2000 iterations and a 95% CI, were utilized to evaluate the performance 558 

of these models. Overall, supervised learning models showed better performance and higher 559 

accuracy compared to other models (Table S7-S9, supplementary materials-1). Therefore, this 560 

section only highlights the results of supervised learning models, whereas other groups of 561 

model results (Fig. S7-S9; Table S10-S13, supplementary materials-1) and performance of all 562 

utilized model results with different split ratios (Table S14, supplementary materials-1) can be 563 

found in the supplementary materials-1 as a continuation of section 3.2. 564 

In this research, supervised models showed the highest accuracy compared to the other four 565 

groups of models (stacking-ensembles, voting-based ensembles, equation, and statistical). For 566 

instance, the KNN (k-nearest neighbour) model (configured with n_neighbors = 11, distance-567 

based weighting, and Euclidean L2 distance) performed best among the 28 supervised models 568 

using the L4-S3 data (Table S7 - supplementary materials-1) in the EPA datasets. During the 569 

training period, the model achieves an almost perfect fit (e.g., MSE ≈ 0 with CI: ± 0.005). 570 

However, a slight overfitting issue was found in the testing dataset (e.g., MSE = 0.11 with CI 571 

± 0.07), indicating the model could memorize the training patterns but failed to generalize 572 

unseen data (Fig. 8; Table S8-S9, supplementary materials-1). Moreover, a high fluctuation in 573 

PABE from 0.07% (CI ± 0.06%) to 2.21% (CI ± 0.57%) is notable, indicating that the KNN 574 

model may fail in predicting with new data. In contrast, the BGR (Blending gradient boosting-575 

random forest) model outperformed with the L3-S3-EPA data based on the cumulative ranking 576 

score (Tables S8-S9, supplementary materials-1). However, similar to L4-S3, there is a notable 577 

difference found between training (e.g., RMSE = 0.1 with CI ± 0.01) and testing (e.g., RMSE 578 
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= 0.25 with CI ± 0.06) performance, indicating that the model may struggle to maintain 579 

accuracy with unseen data. On the other hand, the GB (Gradient boosting) model showed 580 

excellent performance for the L4-MS datasets, whereas the KNN model (configured with 581 

n_neighbors = 11, distance-based weighting, and Manhattan L1 distance) showed excellent 582 

performance for the L3-MS datasets. Although an overfitting was found for both models during 583 

the testing phase (Table S8-S9, supplementary materials-1).  584 

Further analysis with the modelled DOX concentration matchups, the ExDT (Extra decision 585 

tress, configured with max_depth = 20-30, min_samples_leaf = 1, min_samples_split = 2, 586 

n_estimators = 200) model showed an excellent performance across all products with very low 587 

uncertainty, which is justified by the narrow gap between confidence interval values (Table 588 

S7-S9, supplementary materials-1). However, the S3-OLCI products show slightly higher test 589 

errors and bias compared to MS products, indicating an overfitting issue during the testing 590 

period (Fig. 8). The results of ExDT demonstrated that ensemble models could be effective to 591 

handle the complex and nonlinear relationships of attributes compared to the standalone 592 

decision tree model(s) (Abbas et al., 2024; Sakib et al., 2025; Zhang et al., 2021). 593 

 594 

Fig. 8. Performance metrics results of supervised learning models during training and testing period for S3-OLCI 595 
and MS products. (here L = Level, S3 – Sentinel 3 OLCI and MS = Multi sensor) 596 
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3.3 Model retrieving error assessment  597 

In order to assess the difference between actual and retrieval DOX concentrations, the study 598 

utilized PREI at each monitoring/sampling site. Fig. 9 shows the monitoring/sampling site-599 

wise PREI score, while Fig. 10 represents the PBIAS score for each dataset based on the best-600 

performing supervised learning models. This section only highlights the PREI and PBIAS 601 

results of supervised learning models as they showed the highest accuracy across different 602 

datasets, whereas other groups of models retrieving error results (Fig. S10-S15, supplementary 603 

materials 1) can be found in the supplemental materials-1 as a continuation of section 3.3. 604 

It can be seen from Fig. 9 that the mean PREI values for both products in the EPA dataset range 605 

from negative to positive or close to zero. In EPA datasets, the best-performing models showed 606 

underestimation for 2016-2021 datasets (mean = -0.11 for L3-S3; mean = -0.16 for L4-MS) 607 

and 2023 (mean = -0.48 for L4-S3; mean = -0.35 for L3-S3; mean = -0.44 for L4-MS; mean = 608 

-1.51 for L3-MS), whereas overestimation was found for 2022 (mean = 0.67 for L4-S3; mean 609 

= 0.35 for L3-S3; mean = 0.11 for L4-MS; mean = 0.59 for L3-MS). It is worth noting that L4-610 

S3 and L3-MS showed no overestimation or underestimation problem for the 2016-2021 611 

dataset. Furthermore, a higher SD of PREI was found with increasing temporal resolution 612 

(2016-2021, 2022, 2023) for the EPA datasets across products (Table S15-supplementary 613 

materials 1).  614 

Further analysis with modelled DOX concentration matchups showed that, compared to the 615 

EPA datasets, modelled data showed lower error for the 2016-2021 dataset (e.g., -0.01 ± 0.26 616 

for L4-S3; 0 ± 0.26 for L3-S3) across products, whereas an underestimation was found for the 617 

2022 dataset (e.g., -0.12 ± 1.23 for L4-MS; -0.24 ± 1.1 for L3-MS) and 2023 dataset (e.g., -618 

1.42 ± 1.09 for L4-S3; -1.30 ± 1.1 for L3-S3) across products (Table S15-supplementary 619 

materials 1). Moreover, similar to EPA datasets, a higher SD with increased temporal 620 

distribution was found for the modelled dataset across products. A high SD indicates greater 621 



32 

 

inconsistency, whereas a low SD indicates consistent performance of the models (Barde & 622 

Barde, 2012; Bella et al., 2005). It is worth highlighting that for both datasets across products, 623 

a high variability was found for 2023, indicating poor performance with the independent 624 

dataset.  625 

Further error results based on PBIAS showed that S3-OLCI products represent a higher 626 

negative bias (underestimation) in the modelled dataset over time, whereas there is less 627 

negative bias for the EPA datasets (Fig. 10). In contrast, MS datasets show a more stable bias 628 

value (with a smaller magnitude) over time. For example, in 2016–2021, both modelled (0.01% 629 

for L4-MS; 0.00% for L3-MS) and EPA (-0.14% for L4-MS; 0.03% for L3-MS) biases were 630 

very close to zero, indicating high accuracy. However, from 2022 to 2023, the resulting biases 631 

for the EPA (0.76% for L4-MS: 2022; -1.33% for L3-MS: 2023) and modelled (-0.38% for L4-632 

MS: 2022; -1.39% for L4-MS: 2023) datasets become more negative, indicating a notable 633 

difference between actual and retrieved DOX concentrations over time. 634 
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 635 

Fig. 9. Actual vs retrieved DOX concentrations difference at each monitoring/sampling site across the study 636 
domain for the best-performing supervised learning models. (For a better interpretation of the colour references 637 
in this figure, readers are encouraged to read the web version of this article) 638 

 639 

Fig. 10. Percentage of bias (PBIAS) between actual and retrieved DOX concentrations for various best-performing 640 
models.  641 

3.4 Sensitivity of DOX retrieval model(s) 642 

To assess the sensitivity of the best-performing models, R2 statistics were used in this study. 643 

Fig. 11 shows the scatter plot that compares the sensitivity of different best-performing models 644 
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in retrieving DOX. It can be seen from Fig. 11 that the supervised, stacking-ensembles, and 645 

voting-based ensembles models show a consistent sensitivity across all datasets. In contrast, 646 

the equations and statistical models show poor sensitivity, indicating these models may not be 647 

suitable for retrieving DOX concentrations using RS data. In terms of DOX matchup data, 648 

modelled data showed higher sensitivity (R2 > 0.90) than the EPA data (R2 < 0.48), except for 649 

equations and statistical models. Moreover, the S3-OLCI products outperform the MS 650 

products, specifically for the L4 datasets in most cases. This result indicates that S3-OLCI 651 

products provide more reliable data for DOX measurement than the MS products. However, 652 

an exception occurred in the voting-based ensemble models, where the MS products (R2 > 653 

0.95) outperformed the S3-OLCI (R2 > 0.9) products. The notable gap in performance between 654 

the EPA and the modelled data indicates that the models are not well fitted for effectively 655 

retrieving the ground-measured DOX concentrations from the RS products in TrC waters 656 

(Uddin et al., 2025a), as well as highlights potential limitations in applying these models to 657 

real-world data without optimization. 658 
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 659 

Fig. 11. Relationship between actual and retrieved DOX concentrations for various models for the period of 2016-660 
2021 during the training phase. (For a better interpretation of the colour references in this figure, readers are 661 
encouraged to read the web version of this article) 662 

3.5 Reliability of DOX retrieval model(s)  663 

To address the reliability of best-performing DOX concentration retrieval models, two 664 

independent (2022 and 2023) datasets were utilized in the validation process. Fig. 12 and Fig. 665 

S15 (supplementary materials-1) provide validation performance for the best-performing 666 

model with independent datasets. It is apparent from these figures that none of the models 667 

showed stable performance during validation, indicating low sensitivity and high uncertainty 668 

among the best-performing models. In terms of 2022 DOX data, the modelled dataset showed 669 

better performance than the EPA datasets; however, the R2 value was ≤ 0.6 for all models 670 

(supervised, stacking ensemble, equation, voting-based ensemble, and statistical), indicating 671 

marginal performance of the models (Chicco et al., 2021; Gupta et al., 2024). On the other 672 

hand, in terms of products, the S3-OLCI products showed more stable performance (R2 > 0.48) 673 

than the MS products on modelled data in 2022. Turning now to the 2023 datasets, notable 674 
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poor results were found compared to the 2022 dataset across products, indicating the limitation 675 

of the best-performing models in generalizing unseen data. 676 

 677 

Fig. 12. Relationship between actual and retrieved DOX concentrations for various models for the period of 2022 678 
during validation. (For a better interpretation of the colour references in this figure, readers are encouraged to read 679 
the web version of this article) 680 

3.6 Uncertainty of DOX retrieval model(s) 681 

In order to assess the uncertainty of best-performing DOX models, the present research used 682 

an inferential error bar approach with a 95% CI. Fig. 13 provides a summary of the uncertainties 683 

of the best-performing models across different products and datasets. In the EPA datasets, the 684 

retrieved DOX values are consistently lower than the actual DOX across all models. Moreover, 685 

the spread of CI varies, indicating different levels of uncertainty between the models. In terms 686 

of the variability of the datasets, the L4-S3 dataset shows a closer CI, whereas the L3-MS 687 

dataset shows a wide CI, indicating low and high uncertainty among the applied models 688 

(Cumming et al., 2007; IOCCG, 2019; Mikelsons et al., 2022). On the other hand, supervised 689 

learning models showed closer CI, suggesting relatively less uncertainty than other models 690 
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(stacking-ensembles, voting-based ensemble, equation, and statistical). However, product 691 

performance varied across different datasets. After supervised learning algorithms, stacking-692 

ensembles and voting-based ensembles models showed less uncertainty based on actual and 693 

retrieved DOX in the EPA dataset. Notably, a significant uncertainty was found in the equation 694 

and statistical models, indicating an unsuitable approach for retrieving DOX concentrations 695 

from TrC waters. Further analysis with the modelled data shows closer CI, indicating lower 696 

uncertainty and better performance of the models (Cumming et al., 2007). For modelled DOX, 697 

a low and high uncertainty was found in supervised and equation models. Moreover, the S3-698 

OLCI showed closer CI than the MS products for the modelled datasets, indicating less 699 

variability in the S3-OLCI product (IOCCG, 2019; Mikelsons et al., 2022; Sajib et al., 2025b).   700 

 701 

Fig. 13. Uncertainty of various best performing models with 95 % CI at < 0.005, where SLM, SEM, EM, VM, 702 
and SM on the x-axis refer to supervised learning model, stacking-ensembles model, equation model, voting-703 
based ensembles model, and statistical model, respectively. (For a better interpretation of the colour references in 704 
this figure, readers are encouraged to read the web version of this article) 705 

3.7 Spatio-temporal distribution of DOX concentrations in Irish TrC waters 706 

The supervised learning models showed higher accuracy than other models (stacking-707 

ensembles, voting-based ensembles, equations, and statistical) in training, testing, and 708 

validation. Therefore, the present research visualized the results of supervised learning models 709 
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to demonstrate the spatial distribution of DOX concentrations over years in Irish waters. Fig. 710 

14 and Fig. 15 show the spatial distribution of DOX level across different datasets and years. 711 

It is apparent from these figures that DOX levels fluctuate with increasing temporal resolution 712 

(2016-2021 to 2022), followed by a slight decrease in most datasets in 2023. This variability 713 

may reflect the inter-annual changes in the tidal changes, stratification intensity, nutrient inputs, 714 

and seasonal mixing dynamics (Brown et al., 2003; Fernand et al., 2006; Olbert et al., 2011). 715 

Commonly, these factors highly influence the oxygen solubility and biological assimilation in 716 

temperate coastal ecosystems like Ireland (Mahaffey et al., 2023). It should be mentioned that 717 

consistently higher DOX concentrations were found in semi-enclosed bays such as River 718 

Swilly, Donegal Bay, Clew Bay, Galway Bay, Dingle Bay, Dublin Bay, and Dundalk Bay over 719 

the study periods, indicating that these waterbodies attributed to various physical factors, 720 

including dynamic aeration (strong tidal mixing and wind-driven ventilation), high flushing 721 

rates, short residence times, and wild Atlantic influences (Dabrowski et al., 2010; Olbert et al., 722 

2011; Sajib et al., 2024a). Accumulation of all these characteristics increased oxygen 723 

replenishment and reduced thermal stratification in these zones (O'Boyle and Nolan, 2010). 724 

Conversely, lower levels of DOX concentrations were found in the Oysterhaven, Spiddal, and 725 

Ardmore, referring to the lower influences of these attributes on these waterbodies (Brierley & 726 

Kingsford, 2009; Carey, 2023; Lønborg et al., 2021; Luo et al., 2024; Naylor et al., 2021). 727 

Compared to the EPA datasets, the modelled datasets provide higher spatial resolution and 728 

continuous monitoring results of DOX concentrations in offshore and inshore waterbodies. 729 

However, the reliability of modelled DOX data remained questionable (Ford & Quiring, 2019; 730 

Kosaka et al., 2022). In terms of retrieving DOX concentrations with the S3-OLCI and the MS 731 

products, the retrieved DOX values are very close to the actual DOX concentrations for 2016-732 

2021, indicating the best-performing models performed well in DOX measurement. However, 733 
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with increasing years, the spatial patterns show inconsistencies, indicating poor performance 734 

of the model with validation datasets (2022 and 2023).  735 

 736 

Fig. 14. Spatio-temporal distribution of retrieved DOX concentrations (for S3-OLCI products and supervised 737 
learning models) across the Irish TrC waters for the years 2016–2021, 2022, and 2023. (For a better interpretation 738 
of the colour references in this figure, readers are encouraged to read the web version of this article.) 739 



40 

 

  740 

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

4. Discussion 744 

4.1 Data and product selection 745 

To date, several research have been conducted for retrieving DOX concentrations from 746 

different waterbodies (Table 2; Table S1-supplementary materials 1), but most studies have 747 

been criticised due to the reliable measurements of DOX concentrations (Cai et al., 2025; Sajib 748 

et al., 2025a). Moreover, a few studies have explored an in-depth relationship regarding how 749 

the Rhow bands affect retrieval accuracy (Dong et al., 2024; Quang et al., 2023). Furthermore, 750 

while most research on DOX concentration retrieval utilizes in-situ measurements with RS 751 

data, there are a notable absence of studies integrating modelled (NEMO-PISCES) DOX 752 

concentration data for developing RS-based retrieval models (Sajib et al., 2025a).  753 
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As mentioned earlier, the initial goal of the research was to assess the differences between the 754 

EPA-sourced and modelled-derived DOX data and their respective relationships with various 755 

Rhow bands across different RS products. The result revealed a significant difference between 756 

the EPA and modelled DOX data, based on the Mann-Whitney U test (p < 0.05), aligning with 757 

findings from previous literature (Ford and Quiring, 2019; Dekker et al., 2001). However, one 758 

of the key challenges for the comparison between EPA and modelled DOX data is the limitation 759 

of the literature, because there are no available studies that utilized modelled data (DOX) for 760 

the development of the RS-based model(s).  761 

Typically, modelled data is designed to address gaps where in-situ measurements are not 762 

available (Ford & Quiring, 2019) and offer a cost-effective alternative. Despite these 763 

advantages, recently the modelled data have received much more criticism over the years due 764 

to data uncertainty, reliability, and its biasness (Ciavatta et al., 2025; Dekker et al., 2001; Ford 765 

& Quiring, 2019; Kosaka et al., 2022; Mihailov et al., 2025; Skyllas, 2018; Skákala et al., 2024; 766 

Séférian et al., 2013; Séférian et al., 2020; Vervatis et al., 2025; Zhao et al., 2024). Specifically, 767 

≈ 50% underestimation was reported for the NEMO-PISCES model-derived WQ indicators, 768 

such as nitrate (NO3), phosphate (PO4), and ammonium (NH4) in the North Atlantic Ocean 769 

(Skyllas, 2018). Similarly, Ciavatta et al. (2025) identified a substantial negative bias (-0.4 770 

mg/m3) in the simulated surface CHL concentration during blooming season. Moreover, the 771 

NEMO-PISCES-derived DOX showed more complex characteristics, with both over- and 772 

underestimation biases that vary with depth (Séférian et al., 2020). These criticisms raise 773 

concerns about the uses of modelled data in this study and highlight the need for rigorous 774 

validation with ground-measured data. On the other hand, regarding the association between 775 

in-situ DOX and Rhow bands, there were no significant correlation found across various 776 

datasets of EPA and modelled over the study periods (Fig. 7), consistent with previous studies 777 

(Dong et al., 2024; Gao et al., 2024); although a moderate positive correlation (in the red–NIR 778 
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bands: Rhow_7–Rhow_11) was found between the modelled DOX and Rhow bands, indicating 779 

that relatively longer wavelengths could be associated with the modelled data attributes. In 780 

contrast relatively lower wavelengths (in the blue–green bands: Rhow_2–Rhow_6) showed 781 

moderate positive association with the EPA ground-measured data (Fig. 7).  782 

In addition, to the best of the author’s knowledge, the research represented the first initiative 783 

to use the S3-OLCI data from the CMS programme for retrieving DOX, which is another 784 

strength of this research, as it is a novel contribution compared to the previous (Table S1-785 

supplementary materials-1). For example, Chatziantoniou et al. (2022) demonstrated the 786 

potential of the MS products (L4) for DOX retrieval, but their model showed poor accuracy 787 

(R2 = 0.32), and the band information utilized for model development was not clearly defined. 788 

The current research findings highlight that attention is required for developing a 789 

standardized/comprehensive approach(es) that could recommend more specific band 790 

engineering in terms of spectral resolution, temporal coverage, and environmental conditions 791 

for different space-borne sensors in retrieving DOX concentrations using state-of-the-art 792 

ML/AI technologies. 793 

Table 2. A summary of previous studies based on DOX concentrations retrieving from TrC waters using RS data 794 
across globe.  795 

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 

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

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

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

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

SVR 0.32 CMS Sea Greece 
Chatziantoniou et 

al., 2022 
N 

SMLR 0.8 
MODIS Aqua,  

VIIRS 
Sea Korea Kim et al., 2020 N 

MLR 0.4 Landsat 7 ETM+ Bay Turkey 
Karakaya and 

Evrendilek, 2011 
N 

KNN 0.79 Sentinel 3 OLCI  Transitional 

and Coastal 
Ireland The current study  Y 

GB 0.8 Multi-Sensors 
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4.2 Model performance 796 

Another goal of this research was to develop, validate, and evaluate the performance of various 797 

advanced ML/AI and statistical approach model(s) in retrieving DOX more accurately. This 798 

research developed more than 2000 ML/AI and statistical models, where the results clearly 799 

showed that model effectiveness is determined by methodological attributes rather than the 800 

quantity and complexity of models. In this study, supervised learning models such as GB, 801 

KNN, and ExDT outperformed compared to other models (stacking-ensembles, voting-based 802 

ensembles, equations, and statistical-based approaches) because of their ability to handle high-803 

dimensional and non-linear relationships between data attributes of Rhow bands and DOX 804 

concentrations, despite DOX being an OI-WQ indicator (Ahmadi et al., 2025; Fu et al., 2019; 805 

Gafoor et al., 2022; Nezlin et al., 2025). It can be seen from the result that, relatively, the tree-806 

based algorithms (ExDT, GB) can identify the complex relationships such as higher-order and 807 

conditional dependencies between features (e.g., spectral bands) (Geurts et al., 2006; 808 

Grinsztajn et al., 2022; Schiltz et al., 2018), while algorithms like KNN performed well by 809 

using neighbour similarities within given dataset(s) (Halder et al., 2024). The findings are 810 

consistent with previous research, which indicates the effectiveness of similar supervised 811 

models for controlling the training scenarios (Chatziantoniou et al., 2022; Dong et al., 2023; 812 

Gao et al., 2024; Guo et al., 2021; Krishnaraj & Honnasiddaiah, 2022; Li et al., 2020; Luo et 813 

al., 2025; Quang et al., 2023; Salas et al., 2022; Shi et al., 2024; Toming et al., 2024). 814 

Conversely, statistical and equation models are limited by strict functional assumptions and 815 

fail to capture high-dimensional variability in RS data (Kumar et al., 2025; Johnstone et al., 816 

2009). Moreover, stacking-ensembles and voting-based ensembles models were developed to 817 

improve the performance by combining multiple base regressors but failed to demonstrate good 818 

performance during the validation phase (Fig. 12, and Fig. S15; Table S10, Table S12-819 

supplementary materials-1). These characteristics could be linked to the fact that the DOX is 820 
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OI-WQ, which means that weak and indirect spectral correlation makes ensemble aggregation 821 

less effective (Raheli et al., 2024).  822 

Recent advancements, such as Li et al. (2025), Ali et al. (2025), and Basirian et al. (2026), have 823 

highlighted the increasing role of ML/AI, deep learning, and transfer learning using various 824 

multi-sensor products for retrieving the DOX, particularly for TrC waters (Table 2). However, 825 

to date, there are lack of studies that have been carried out to validate the model(s) performance 826 

for completely unseen (independent) high-dimensional data attributes in order to evaluate their 827 

proposed/developed model(s) in terms of the model’s generalizability and transferability, 828 

indicating that the existing ML/AI-based DOX retrieval approaches should be explored in 829 

depth to generalize for the high-dimensional data like RS products for translating the unseen 830 

dataset. In terms of the strength of this research, the proposed framework was tested and 831 

validated for the unseen datasets, although the model(s) performance is not satisfactory to 832 

retrieve DOX more accurately. The inconsistent performance during the validation phase raises 833 

concerns about the robustness and generalizability of these models (Aldoseri et al., 2023; Kang, 834 

2020; Rossi et al., 2024). The current research identified several factors that could contribute 835 

to this discrepancy. These factors are overfitting/underfitting problems during the training and 836 

testing period (Kang, 2020; Rossi et al., 2024) and distribution differences/data shifting 837 

between the dependent and independent variables in both the training and validation datasets 838 

(Cai et al., 2021; Maggio et al., 2022; Ötleş et al., 2021). In short, the results are not only 839 

highlighting the need for further evaluation of factors affecting model transferability or 840 

generalizability but also addressing the importance of developing more domain(s) adaptive 841 

model(s) that could be capable of upholding the accuracy within different datasets.  842 

4.3 Uncertainty in features (Rhow) between model development and validation phases 843 

Several research have reported on the poor performance of models in retrieving the DOX 844 

concentrations (see Table S1-supplementary materials 1). Although those studies have not 845 



45 

 

addressed the sources of the issues, why the model(s) obtained poor accuracy, nor have they 846 

provided in detail the limitations or explanations of the models for both the training and testing 847 

datasets. Therefore, it clearly noted that there were a lack of sufficient justification for why the 848 

developed models failed to retrieve DOX accurately in existing studies. However, the third 849 

goal of the study was to evaluate the accuracy of the model’s performance with independent 850 

validation datasets and to assess their sensitivity and uncertainty. The result of the research 851 

reveals a notable difference between model development (2016-2021) and validation Rhow 852 

bands (2022 and 2023) across all datasets, indicating high variability between the training and 853 

validation datasets (Fig. S16-S23, supplementary materials-1). In particular, the PDF and CDF 854 

plots show a notable change in the distribution over the years for most of the Rhow bands 855 

(Rhow_1 to Rhow_11) across datasets (Fig. S16-S23, supplementary materials-1). Moreover, 856 

the target variable DOX concentration (both modelled and EPA) also showed considerable 857 

interannual variability within these datasets. These distributional issues reflect the poor 858 

accuracy of the best-performing models with independent datasets, indicating the data shifting 859 

could be an impact on model performance (Malinin et al., 2021; Ötleş et al., 2021; 860 

Taghiyarrenani et al., 2023). To the best of the author’s knowledge, the research represents one 861 

of the first attempts to evaluate the distributional change between the training (2016-2021) and 862 

independent datasets (2022-2023) within a ML/AI framework, specifically for RS-based DOX 863 

retrieval from TrC waters. The notable decline in performance corresponds with the challenges 864 

and limitations of the dataset shift in model generalization documented across various ML/AI 865 

fields (Cai et al., 2021; Malinin et al., 2021; Ötleş et al., 2021; Dockès, 2021; Subbaswamy et 866 

al., 2020; Taghiyarrenani et al., 2023; Turhan, 2012). These findings demonstrate that 867 

distribution shifts in data not only reduced model accuracy but also increased error rates, biased 868 

predictions, and created instability and overfitting/underfitting problems in this study.  869 
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4.4 Implications for anthropogenic water cycle 870 

In this research, the Irish TrC waters exhibit natural DOX dynamics, which are primarily 871 

influenced by seasonal stratification, tidal mixing, and primary production alongside 872 

overlaying anthropogenic effects. This is evident by the high DOX levels (EPA matchups ~10–873 

11 mg/L) found in this study. During the study period, higher DOX levels were consistently 874 

observed in semi-enclosed bays, whereas lower DOX levels were observed in less dynamic 875 

areas (see Fig. 14 and Fig. 15). A recent EPA study found that excess nitrogen (mainly from 876 

agricultural and wastewater runoff) causes notable variations in DOX levels in these regions 877 

(Feeley et al., 2025; Trodd et al., 2021), leading to increased eutrophication. These pressures 878 

correspond with larger European trends, where runoff from farming is a major threat to 879 

eutrophication and deoxygenation, especially in TrC regions (European Environment Agency, 880 

2021).  881 

The research introduces a scalable and robust methodology for mapping baseline oxygen 882 

conditions by utilizing RS and ML/AI techniques, which could provide critical synoptic 883 

insights into the expansive TrC environment. The methodology also provides a valuable pre-884 

anthropogenic or natural benchmark that could accurately capture temporal and spatial DOX 885 

variability at a low cost and minimal direct human intervention. Both the OSPAR Convention 886 

commitments (Convention for the Protection of the Marine Environment of the North-East 887 

Atlantic) and the Irish EPA assessment group could utilize this benchmark to detect future 888 

changes in baseline DOX conditions caused by excessive nutrient inputs.  889 

Moreover, the transferable nature of this framework could be crucial for addressing the 890 

complexities of the anthropogenic water cycle, particularly by utilizing this framework to 891 

different regions and contexts. Additionally, the independent validation data approach can be 892 

further extended to scenario-based simulations. For example, it could be utilized to predict how 893 
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DOX levels would improve if agricultural runoff were reduced to meet the EU Nitrates 894 

Directive standards (Musacchio et al., 2020). These types of transferable and predictive 895 

capabilities could assist in the adaptive management plans required under the WFD and Marine 896 

Strategy Framework Directive. In addition, this robust approach can be tested/adapted into 897 

various global scenarios to combat ocean deoxygenation.  898 

4.5 Challenges, limitations and future research directions  899 

The research highlights the robust nature of integrating cutting-edge ML/AI with satellite data 900 

for retrieving (predicting) OI-WQ indicators. However, as indicated in the author’s prior 901 

research (Diganta et al., 2024, 2025; Sajib et al., 2025a; Uddin et al., 2025a), a number of 902 

persistent challenges hinder reliable and effective implementation of retrieving OI-WQ 903 

indicators using these techniques. A primary issue is the indirect relationship between spectral 904 

reflectance and OI-WQ indicators, which are further affected by optical complexity in TrC 905 

waters (e.g., atmospheric disturbances and high variability in sediments) (Morel and Prieur, 906 

1977; Gordon and Morel, 1983; Vanhellemont & Ruddick, 2021; Sajib et al., 2025a, 2025b). 907 

Apart from this, high variability (e.g., due to algal bloom, eutrophication) and inherent noise 908 

(e.g., aerosols, clouds, precipitation, fog, hue) in RS data increase uncertainty in the retrieval 909 

models (Brando et al., 2024; Coffer et al., 2025; IOCCG, 2019; Maciel et al., 2023). All these 910 

characteristics collectively may limit the physical interpretability and generalizability of 911 

ML/AI models, specifically when validate model with independent datasets. These limitations 912 

are highlighted in this study during the validation phase, indicating sensitivity to data 913 

distribution shifts. Additionally, the study identified that standalone single Rhow bands are not 914 

sufficient for developing OI-WQ indicators, as these bands are highly correlated with each 915 

other, indicating multicollinearity issues (Fig. S24-S25, supplementary materials-1).  916 

Another important consideration is the data quality issue, such as small datasets (e.g., N = 289 917 

EPA matchups) and sparse feature characteristics of EPA-sourced DOX data (due to logistical 918 
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constraints). These limitations notably increase the risk of overfitting/underfitting, especially 919 

when attempting to capture relationships between DOX and high-dimensional RS reflectance. 920 

Furthermore, without integrating L2 RS data and seasonal variability analysis, the developed 921 

model remains limited in its capacity to capture the short-term dynamics of DOX in the study 922 

area.  923 

In order to improve the model(s) performance, the research addressed a few strategies that 924 

could be integrated into future research. First, exploring various spectral combinations, band 925 

ratios, advanced feature engineering (e.g., Fast Fourier transformation, Discrete Wavelet 926 

transformation, various ML/AI approaches like SHAP, feature engineering-based algorithms), 927 

data augmentation (e.g., Gaussian noise to the predictor variable), and integration of L2 RS 928 

data with atmospheric corrections to capture short- and long-term dynamics. Expand to multi-929 

source fusion (combination of S3-OLCI, MS, and hyperspectral data) and larger datasets from 930 

various geographical domains to boost the generalization of the model. Second, hybrid 931 

modelling approaches with physics-informed constraints (e.g., Physics-Informed Neural 932 

Networks) or transfer learning to reduce overfitting and improve transferability across various 933 

domains and time periods. Finally, model evaluation in various aquatic environments (e.g., 934 

lakes, rivers, seas, and wetlands) will be essential for assessing the model’s performance, 935 

uncertainty, and reliability. However, to the best of the author’s knowledge, this is the first 936 

effort to comprehensive analysis and assess 2101 ML/AI models, including independent 937 

dataset(s) used for further validation of the model(s) performance in retrieving the DOX from 938 

RS data. The results and findings of the research could be effective in selecting the ML/AI 939 

model(s) and their architectural attributes with input customization for further improvement of 940 

the framework.  941 
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5. Conclusion 942 

The research was carried out to address the reliability of the existing relevant studies for 943 

retrieving DOX concentrations using ML/AI techniques from the RS products. The main goal 944 

of the research was to evaluate the reliability of various advanced ML/AI (supervised learning, 945 

stacking-ensembles, equations, and voting-based ensemble models) and statistical models 946 

(PCR, PLS, and OLS models) for retrieving DOX concentrations from in-situ (EPA, Ireland) 947 

and modelled (NEMO-PISCES) using S3-OLCI and MS RS products. For achieving the 948 

research goals, the study developed 2101 ML/AI with the integration of the advanced statistical 949 

tools and techniques, whereas the model performance was evaluated using independent 950 

dataset(s) by comparing multiple error metrics. From the results and findings, the summary of 951 

the research are as follows: 952 

• The research found a significant difference between the EPA and modelled DOX 953 

concentrations over the study period, based on the Mann-Whitney U test (p < 0.05). 954 

Also, the research identified the spatial clustering pattern in both matchups data 955 

using Moran’s I statistics.  956 

• Among the five groups of models (>2000, including stacking-ensemble, voting-957 

based ensemble, statistical, and equation), the supervised learning models (KNN, 958 

BGR, GB, and ExDT) showed marginal performance, which is consistent over the 959 

years for all datasets; whereas the best-performing models (ranked 1) showed poor 960 

generalizability on independent datasets.  961 

• The best-performing models showed high sensitivity and low uncertainty during the 962 

training period but failed to uphold consistent performance with the independent 963 

datasets, linked to distributional shifts between datasets.   964 

• In terms of the RS products, the S3-OLCI was identified as the most reliable RS 965 

product compared to MS data for retrieving DOX using L3 and L4 data among the 966 
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tested products with less uncertainty and stable performance across datasets. 967 

Relatively, using L4 data, the model(s) shows better performance compared to L3.   968 

• In retrieving DOX, relatively higher variability in DOX concentrations was found 969 

in bay areas such as River Swilly, Donegal Bay, Clew Bay, Galway Bay, Dingle 970 

Bay, Dublin Bay, and Dundalk Bay, whereas lower DOX concentrations were 971 

found in Oysterhaven, Spiddal, and Ardmore. 972 

It should be highlighted that the novel contributions of this research include: (i) this was the 973 

first initiative using the CMS S3-OLCI products for retrieving the DOX integrating the ML/AI 974 

with advanced statistical approaches, and demonstrating their edge in accuracy for OI-WQ 975 

indicator measurement; (ii) the research developed and validated 2101 models for DOX 976 

retrieval, addressing the inherent limitations of advanced data-driven approaches in estimating 977 

OI indicators using only RS spectral bands standalone; and (iii) an in-depth investigation of the 978 

reasons behind the failure of the best-performing models at the validation stage via distribution 979 

shifts, highlighting challenges in RS-based OI indicator estimation. Therefore, the results of 980 

this research could be utilized for various operational monitoring, such as the EPA can utilize 981 

S3-OLCI data for large-scale DOX assessment under the EU-WFD framework while 982 

incorporating routine validation to reduce biases in the results. Moreover, the results of this 983 

research have several important implications for future practice, especially for 984 

researchers/organizations/scientist could utilize the present research outcomes for further 985 

advancement of retrieving various OI-WQ indicators from the RS products using the advanced 986 

data-driven approaches. Although the research has been carried out using the fundamental 987 

ML/AI algorithms using stacking-ensembles, voting-based ensembles, statistical, and equation 988 

approaches, future studies should incorporate deep learning and more sophisticated algorithms 989 

like transformer-based time–space models, physics-informed and hybrid AI, etc., to improve 990 

the retrieval accuracy of the model(s). However, the research reveals that the supervised 991 
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learning model(s) could be effective for retrieving the DOX within the coastal zone using the 992 

S3-OLCI (L4) across highly cloud-coverage areas like Irish waterbodies. 993 
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