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Sentinel-3 (A/B) Ocean and Land Colour Imager (OLCI) provides daily global coverage and spectral quality for monitoring optical water quality indicators across diverse aquatic systems. Accurate retrieval of remote sensing reflectance (Rrs) from OLCI imagery requires a series of radiometric correction procedures. Specifically, glint correction algorithms are essential in accounting for the impact of specular reflections from sunlight and skylight at the air-water interface, which can distort the radiance measured at the satellite sensor. Despite its importance, the performance of glint correction algorithms remains underexplored for Sentinel-3 (A/B) OLCI imagery and represents a research gap for its application. In this study, we analyzed the principles and performance of three image-based sunglint correction algorithms and one skyglint correction method across varying intensities of glint effects, using 570 Sentinel-3 (A/B) OLCI imagery acquired between 2020 and 2024. Resulting Rrs retrievals were evaluated against the Aerosol Robotic Network for Ocean Color (AERONET-OC) observations at 11 coastal sites. All proposed sunglint correction methods improved Rrs retrievals compared to no glint correction over various optical water types. Among them, the combination of SCSh (i.e., a sunglint removal method designed for optically shallow waters) and SkyG (i.e., an analytical skyglint removal method) achieved the best overall performance, yielding the lowest absolute error (ε < 58%) and the smallest number of spectra that were significantly overcorrected (n = 99), However, challenges remain in the blue spectral range (400–490 nm), where the glint correction methods performed poorly compared to AERONET-OC observations, especially under medium and high-glint conditions. Moreover, glint-free images were overcorrected for all methods, highlighting the need for reliable glint detection and masking before applying corrections. Our findings demonstrated that while existing glint correction methods can significantly improve data quality under low and medium-glint conditions, the high-glint scenarios continue to pose difficulties. Addressing these limitations is essential to ensure the consistent and accurate use of the Sentinel-3 (A/B) OLCI data for aquatic monitoring.
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1 INTRODUCTION
Satellite observations play a crucial role in improving the monitoring of aquatic systems. Since the launch of the Coastal Zone Color Scanner (CZCS) in 1978, the first ocean color mission, there have been significant advancements in understanding and correcting atmospheric effects and other factors affecting satellite imagery (Gordon, 2021). Advancements in sensor design and technology have enabled the development of new capabilities over time, leading to significant improvements in spectral, radiometric, and spatial resolution to better address the complexities of aquatic systems (Dierssen et al., 2021). The Sentinel-3 mission, jointly operated by the European Space Agency (ESA) and EUMETSAT, has provided daily aquatic observations since its launch in April 2016, through a constellation of two Ocean and Land Colour Imager (OLCI) sensors (A/B) (Donlon et al., 2012). OLCI captures imagery at 300 m spatial resolution across 21 spectral bands, spanning wavelengths from 400 to 1,020 nm in the visible to near-infrared range, with a high signal-to-noise ratio in visible bands. These capabilities have supported a wide range of aquatic applications in inland, coastal, and open ocean waters (Mishra et al., 2019; Pahlevan et al., 2020; Warren et al., 2021), including monitoring of water clarity and turbidity (Vanhellemont and Ruddick, 2021; Shen et al., 2020; Warren et al., 2021), derivation of water’s inherent optical properties (Xue et al., 2019), analysis of trends in phytoplankton community size (Liu et al., 2021), and forecasting (Schaeffer et al., 2024) and generation of synthetic images (Paulino et al., 2025) for monitoring cyanobacterial harmful algal blooms. Given its open-access nature and broad applicability, Sentinel-3 (A/B) OLCI serves as a valuable data source for aquatic remote sensing, and this study focuses on revisiting sunglint and skyglint (or only glint) correction methodologies to contribute to the reliability and quality of its products.
Glint effects occur from specular reflections of sunlight and skylight at the air-water interface, directed toward the satellite sensor, bypassing interactions with the water column (Cox and Munk, 1954; Kay et al., 2009; Mobley, 2015). These effects are primarily influenced by the state of surface water (i.e., roughness) as well as solar and sensor viewing geometries (Cox and Munk, 1954; Mobley, 2015). Though independent, both sunglint and skyglint can introduce dramatic spectral distortions in satellite imagery. Because glint contributions can far exceed the water-leaving radiance at the Top-Of-Atmosphere (TOA), they represent a dominant source of radiometric distortion in optical satellite imagery over water, affecting the estimations of key Optically Active Components (OACs) such as phytoplankton, colored dissolved organic matter (CDOM), and non-algal particles (NAP) (Kirk, 2011) – thereby limiting the usability of satellite images (Goodman et al., 2008). Thus, correcting or masking out these effects is essential in aquatic applications. Sentinel-3 (A/B) OLCI operates with a 12.6° westward across-track to reduce the sunglint effects (Donlon et al., 2012). However, glint contamination remains a prevalent issue in OLCI imagery (de Lima et al., 2025; Mishra et al., 2019; Paulino et al., 2025), which shows the need for efficient corrections.
Diverse glint removal algorithms, commonly referred to as “deglint” methods, are used in ocean color applications. The most established deglint approach is based on the Cox and Munk model (Cox and Munk, 1954; Cox and Munk, 1955), a statistical method that estimates sunglint radiance contributions using wind speed and direction characteristics. While this method is well-established and widely adopted for medium and coarse-resolution (>100 m) ocean color sensors (Wang and Bailey, 2001), its accuracy is highly dependent on wind speed data, which is a major source of uncertainty and limitation (Chen et al., 2021; Bréon and Henriot, 2006; Fukushima et al., 2009). In contrast, image-based deglint methods have gained increasing popularity in recent decades (Giles et al., 2021; Harmel et al., 2018; Hedley et al., 2005; Kutser et al., 2009; Vanhellemont, 2019). These methods offer several advantages, including (i) they do not rely on water surface roughness assumptions, instead estimating the sunglint signal using specific wavelengths with negligible water signal (e.g., near-infrared and shortwave infrared), (ii) they are broadly applicable because they do not depend on external data (i.e., wind speed/direction), and (iii) they can be easily integrated into operational workflows without significant computational costs. Skyglint removal methodologies, in contrast, are primarily based on Rayleigh-type atmospheric scattering models (Gordon et al., 1988; Vanhellemont and Ruddick, 2018) and are more straightforward compared to sunglint correction techniques. However, validation analyses for glint correction methods in Sentinel-3 (A/B) OLCI images remain scarce, and this gap in validation raises an important and still unresolved question: “Can these deglint methods be reliably applied to correct glint effects in 300 m Sentinel-3 (A/B) OLCI images?”
To address this question, we implemented and validated the three image-based sunglint correction algorithms in 570 Sentinel-3 (A/B) OLCI imagery (2020–2024) under different intensities of glint effects and optical water types. The estimated OLCI Rrs were validated using globally distributed Aerosol Robotic Network for Ocean Color (AERONET-OC) match-up observations at 11 coastal sites. Additionally, we applied a skyglint correction approach together with the sunglint correction to evaluate the potential benefits. Until now, this study has been the most comprehensive assessment of glint correction methods for Sentinel-3 (A/B) OLCI. It analyzes the effectiveness of the approaches under distinct conditions and contributes to building consensus on the best-performing method. A detailed methodology is provided in Section 2. The main results are presented in Section 3, structured into four subsections covering sun and skyglint corrections. The key findings and recommendations are discussed in Section 4, followed by the conclusions in Section 5.
2 MATERIALS AND METHODS
2.1 Sentinel-3 (A/B) OLCI images
Sentinel-3 (A/B) OLCI has provided daily ocean color data since 2016, capturing 21 narrow spectral bands along the visible to near-infrared wavelengths (400–1,020 nm) with a high signal-to-noise ratio (range: 605–2,188 in visible wavelengths) and 14-bit radiometric resolution (Donlon et al., 2012). The OLCI sensor operates in a near-polar, sun-synchronous orbit at an altitude of 815.5 km, crossing the equator at approximately 10:00 a.m. local time. OLCI offers images with a spatial resolution of 300 m and a wide swath of 1,270 km, tilted 12.6° westwards to minimize the sunglint effect. In this study, we utilized Sentinel-3 (A/B) OLCI imagery acquired between 2020 and 2024 (5 years), alongside match-up in situ observations from the AERONET-OC. Sentinel-3 OLCI EFR Level-1 images were acquired, providing calibrated, geolocated, and spatially resampled Top-Of-Atmosphere (TOA) radiances, and then corrected for atmospheric and glint effects (see Section 2.3; Section 2.4). To mitigate the cloud-related artifacts, including shadows and adjacency effects (Feng and Hu, 2016), only cloud-free scenes within a 100-by-100 km window centered on the AERONET-OC sites were selected. Additionally, the images were filtered according to the spectral distortion degree (Section 2.5). Out of the 3,494 verified images, a total of 570 Sentinel-3 (A/B) OLCI images were retained for analysis. For validation purposes, we focused on eight spectral bands (i.e., 400, 413, 443, 490, 510, 560, 620, and 665 nm) that aligned with AERONET-OC observations (Figure 1c).
[image: (a) World map indicating AERONET-OC match-up locations with varying sizes of green circles representing different match-up counts: less than 30, 30 to 90, and more than 90. (b) Histogram depicting the in log-scale Rrs at 667 nm with values ranging from 10^-4 to 10^-2. (c) Graph of relative spectral response for wavelengths 400 to 650 nm, comparing Sentinel-3A and 3B OLCI with AERONET-OC.]FIGURE 1 | (a) AERONET-OC sites and match-ups (n = 570). (b) Frequency distribution of (log-scale) Rrs (667) obtained from AERONET-OC data. (c) Relative Spectral Response for eight bands of Sentinel-3 (A/B) OLCI and AERONET-OC used for validation. Details about AERONET-OC sites used in this study are available in Table A1 (Supplementary Appendix A).2.2 Aerosol Robotic Network-ocean color (AERONET-OC)
AERONET-OC is a global network of autonomous above-water radiometers deployed on fixed platforms in inland, coastal, and open ocean waters (Zibordi et al., 2006). For over 2 decades, it has continuously provided records of normalized water-leaving radiance (nLW) and has been widely used to validate a range of ocean color sensors and image-processing approaches (Zibordi et al., 2022; Pahlevan et al., 2021; Melin, 2022; Paulino et al., 2026). Here, we used AERONET-OC Version 3 Level 2.0 data from 11 sites (from 2020 to 2024), with a timeframe of approximately 1.5 h relative to the Sentinel-3 (A/B) OLCI overpass. Match-ups were defined as cloud-free satellite observations (Section 2.1) that spatially and temporally corresponded to AERONET-OC measurements. Figure 1 presents the geographic locations of the AERONET-OC sites and highlights the dataset’s spectral variability through the aquatic reflectance values at 667 nm. The nLW measurements, acquired across the visible spectrum (400–665 nm), were converted to remote sensing reflectance (Rrs, sr−1) by dividing them by the extra-terrestrial solar irradiance (Thuillier et al., 2003) and subsequently adjusted to match the Sentinel-3 (A/B) OLCI bandwidths and central wavelengths using OWT-based linear coefficients. A detailed description of the processing procedures for AERONET-OC data is provided in Paulino et al. (2026). The number of match-ups may vary regarding the number of spectral bands due to differences in the spectral AERONET-OC station settings (Zibordi et al., 2021).
2.3 Atmospheric correction of Sentinel-3 (A/B) OLCI
The atmospheric effect arises from the absorption and scattering of various atmospheric components (Gordon and Wang, 1994a; Gordon, 1997; Vermote et al., 1997), making its removal from satellite images essential for aquatic applications. In aquatic systems, the total signal, TOA reflectance (ρTOA), can be simplified as the sum of Rayleigh-Aerosol reflectance (ρR+A), glint effect (ρg), and aquatic reflectance (ρw), which is the primary objective of atmospheric correction (Equation 1):
ρTOA=ρR+A+ρg+tρw Tg(1)
Where t represents the atmospheric diffuse transmission described by Gordon and Wang (1994a) and Tg is the gaseous transmission by water vapor, ozone, and other atmospheric gases. This formulation assumes that adjacency effects (Paulino et al., 2022), as well as the foam and whitecap contributions from the water surface are negligible. This assumption was supported by the characteristics of our selected match-ups, which were limited to cloud-free scenes (Section 2.1) and water pixels located, on average, 17 km from the nearest coastline according to the AERONET-OC station locations, with only three stations situated closer than 3 km, and exhibiting an average aerosol optical thickness of ∼0.11. Under such conditions, adjacency contamination is expected to be minimal (Bulgarelli et al., 2014; Bulgarelli and Zibordi, 2018; Paulino et al., 2022). In addition, all selected Sentinel-3 (A/B) OLCI images were visually inspected to confirm the absence of bright foam streaks or land artifacts, and the spectral shape analysis (Section 2.5) further confirmed this by filtering out any spectrally flat or non-physical signatures associated with foam coverage and whitecaps at visible range (Frouin et al., 1996; Gordon and Wang, 1994b). The ρR+A term was derived using the 6SV radiative transfer model (Kotchenova et al., 2006; Vermote et al., 2006). The 6SV model incorporates prior atmospheric and image data to simulate spectral distortions in satellite images caused by multiple interactions between atmospheric optical components and light. This model is broadly used in land applications but also provides consistent results in aquatic studies (Bassani et al., 2016; Paulino et al., 2025; Pahlevan et al., 2020; Vanhellemont and Ruddick, 2018). In our case, input parameters for the 6SV model included aerosol optical thickness, water vapor, ozone, and altitude data obtained from AERONET-OC. Since AERONET-OC does not provide aerosol optical thickness at 550 nm, these values were interpolated to 550 nm using quadratic fits on a log-log scale (Eck et al., 1999). Additional parameters related to illumination and viewing geometry were extracted from Sentinel-3 (A/B) OLCI metadata. For aerosol characterization, the default 6SV aerosol models (Continental and Maritime) were used, distinguishing between aquatic ecosystems: inland (Continental), coastal (Maritime), and open ocean (Maritime) waters. The ρg term is discussed in Section 2.4.
2.4 Proposed glint removal methods
In this study, three sunglint removal algorithms (Vanhellemont, 2019; Kutser et al., 2009) based on assumptions derived from satellite images were compared. These algorithms were integrated with an analytical approach to mitigate skyglint effects (Gordon et al., 1988). The sunglint methods were selected considering the image-based concept and their potential for implementation in operational workflows and efficient product generation without significant computational costs or additional data sources. Although statistically based methods may also perform well (Kay et al., 2009), their evaluation was beyond the scope of this study, which focuses on the central principle of image-based solutions already represented by the methods included in our analysis. All selected methods were applied to the atmospherically corrected images with glint (ρw*) (i.e., Equation 1 with ρg=0), using a consistent baseline atmospheric correction derived from 6SV to ensure inter-comparability of results. Overall, our validation framework (Figure 2) combined AERONET-OC observations, glint intensity derived from Sentinel-3 (A/B) OLCI images, and Optical Water Types (OWTs).
[image: Flowchart describing the processing of Sentinel-3 OLCI data from 2020 to 2024. Main and secondary data flows include steps like filtering, atmospheric correction, and validation. Inputs from AERONET-OC cover AOD, water vapor, ozone, and altitude. Glint algorithms include SCFrT, SCSub, and SCSh, with outputs contributing to OWTs and final validation.]FIGURE 2 | Overall framework for validating glint correction algorithms applied to Sentinel-3 (A/B) OLCI.2.4.1 SCFrT: Sunglint correction based on fresnel reflectance and atmospheric transmittance using single-band assumption in longer wavelengths
The SCFrT method is defined to correct sunglint effects in higher spatial resolution sensors (e.g., 30 m Landsat and 10 m Sentinel-2) (Vanhellemont, 2019). Like other sunglint correction techniques (Cox and Munk, 1955; Harmel et al., 2018), SCFrT uses the Fresnel reflectance (r), which quantifies the proportion of sunlight reflected at the air-water interface. Fresnel reflectance is determined by the water’s refractive index (n), wavelength (λ), and incident angle of sunlight that reaches a wave facet (ω), which is directly correlated to the view and sun zenith angles. The correction of ρg term in this approach is defined as Equations 2, 3:
ρwλ=ρw *λ−ρgλ(2)
ρgλ=ρw*λref ·TλTλref ·rω,n,λrω,n,λref(3)
To capture the spectral variation of sunglint, SCFrT uses two ratios relative to a reference wavelength. The first ratio accounts for the fact that sunglint is primarily associated with the direct transmittance (T) of the sunlight, compensating for atmospheric attenuation across the spectrum. The second ratio adjusts for the wavelength-dependent variation in Fresnel reflectance. This method assumes a reference wavelength where water is effectively “dark” (i.e., ρw*λref=0), meaning that any observed signal at this wavelength originates from sunglint. This assumption is based on strong water absorption at the reference wavelength, minimal interference from water’s OACs, and low atmospheric diffuse scattering (Harmel et al., 2018). While SCFrT originally uses shortwave-infrared bands (>1,600 nm) as a reference, we adopted the spectral band centered at 1,020 nm to align with the visible to near-infrared range of Sentinel-3 (A/B) OLCI. Additionally, the refractive index n was obtained following (Paulino et al., 2025), and T was derived using 6SV modeling (Section 2.3).
2.4.2 SCSub: Sunglint correction using a direct SUBtraction from longer wavelengths
The SCSub method relies on longer wavelengths and is widely used to remove sunglint effects in aquatic-environment satellite imagery, particularly in turbid waters (Begliomini et al., 2023; Lobo et al., 2014; Maciel et al., 2021). Like SCFrT, it assumes that the shortwave infrared region is strongly absorbed by water and can be utilized in the atmospheric correction (Wang and Shi, 2007; Gordon, 1997), including for removal of sunglint. For this method, any residual signal in this spectral range after atmospheric correction is attributed to sunglint. SCSub further assumes that the sunglint contribution is independent of wavelength and that the amount of sunglint observed in the shortwave infrared is directly related to its contribution in the visible and near-infrared bands. Therefore, to correct this effect, SCSub applies a simple subtraction of the shortwave infrared bands (>1,600 nm) across the visible and near-infrared ranges (similar to that suggested by Mueller and Austin (1995)). In our case, SCSub has been adapted for Sentinel-3 (A/B) OLCI images by considering the spectral band centered at 1,020 nm as a reference.
2.4.3 SCSh: A sunglint correction method for optically SHallow waters
The SCSh method is an empirical approach designed to address sunglint contamination in optically shallow waters, where bottom reflectance significantly influences the near-infrared range (Kutser et al., 2009). SCSh was developed for hyperspectral image applications, and it advances previous sunglint correction techniques that rely on near-infrared-based assumptions (Hedley et al., 2005). SCSh uses the oxygen absorption feature near 760 nm to estimate and correct sunglint contributions, assuming that the magnitude of this effect is proportional to the observed signal. Here, the sunglint-corrected aquatic reflectance is computed as Equations 4, 5:
ρwλ=ρw*λ−Gλ·DDmax(4)
Dλ0=ρw*λ−1+ρw*λ+12−ρw*λ0(5)
The sunglint contribution is modeled using the glint intensity factor (D) and a pure glint spectrum extracted from the image itself (G). The ratio DDmax represents the depth of the oxygen absorption feature at λ0, normalized by its maximum value. For Sentinel-3 (A/B) OLCI, the spectral bands centered at 754 nm, 761 nm, and 768 nm correspond to λ−1, λ0, and λ+1, respectively. Values of D close to zero indicate minimal or no sunglint contamination, while higher values correspond to increased sunglint. Gλ scales the correction across each spectral band, and it is estimated by subtracting the water spectrum at the minimum glint intensity (Dλ0 min) from the water spectrum at the maximum glint intensity (Dλ0 max). To refine the selection of G, land and cloud-contaminated pixels were removed using a near-infrared band reflectance threshold (ρw*1020 > 0.13), ensuring that sunglint effects at higher intensities are still retained for our analysis. This threshold was empirically defined through visual inspection of multiple images acquired under varying glint conditions.
2.4.4 SkyG: An analytical SKYGlint removal
In this validation scheme, we applied a skyglint correction to Sentinel-3 (A/B) OLCI images, combining it with three proposed sunglint correction algorithms. Skyglint is primarily associated with Rayleigh scattering and tends to introduce more significant distortions at shorter wavelengths, particularly in the blue range. A method for correcting these distortions is SkyG, an adaptation from Gordon et al. (1988), which accounts for the influence of the sun and sensor positions, Fresnel reflectance, and the atmospheric scattering phase function. This correction is expressed as Equations 6–8:
ρskygλ=τr·[(r(θv,n,λ)+r(θs,n,λ))·Pr(θ+)]4·⁡cos⁡θs·⁡cos⁡θv(6)
Prθ+=34·1+cos2θ+(7)
cos⁡θ+=−cos⁡θs cos⁡θv−sin⁡θs sin⁡θv cos⁡Δϕ(8)
Where r is the Fresnel reflectance at the air-water interface for the solar (θs) and view (θv) zenith angles, Δϕ is the relative azimuth angle, τr represents the Rayleigh scattering optical thickness, and Pr is the Rayleigh scattering phase function, which characterizes the scattering of skylight by atmospheric gases and molecules as a function of the scattering angle (θ+). The τr term was modeled using 6SV (Section 2.3), while the solar and view angles were retrieved from the Sentinel-3 (A/B) OLCI image metadata. The ρskyg component was spectrally subtracted from the aquatic reflectance after applying the sunglint correction.
2.5 Classification of the relative glint intensity in Sentinel-3 (A/B) OLCI images
To evaluate glint removal across the selected algorithms, we classified glint intensity into four levels – no-glint, low, medium, and high – based on the spectral similarity between Sentinel-3 (A/B) OLCI and AERONET-OC data. To minimize atmospheric uncertainties, all scenes were processed using the same atmospheric correction baseline, with parameters derived from AERONET (Section 2.3). Within this framework, the no-glint category serves as a reference to verify the consistency of the atmospheric correction, ensuring that the differences observed across glint levels primarily reflect variations in glint intensity rather than residual atmospheric effects (Figure 4). The OLCI Rrs medium spectrum (Section 2.7) extracted at the station located was compared to the match-up AERONET-OC spectrum, which serves as the reference. Glint effects are expected to introduce a positive offset across the spectrum with minimal impact on its shape, although skyglint may cause some distortions in the blue wavelengths. Glint levels were estimated using the Spectral Angle Mapper (d) metric (Kruse et al., 1993) (Equation 9), which quantifies discrepancies in spectral shape between the image and reference spectra. Additionally, the ratio (R) between the two spectra was used to assess glint magnitude (Equations 10, 11):
d=cos−1∑i=1inRw0,nRw1∑i=1inRw021/2∑i=1inRw121/2(9)
nRw=Rrs∑i=1iRrs21/2(10)
R=∑i=1iRrs1∑i=1iRrs0(11)
Where Rrs refers to the spectrum of remote sensing reflectance (Section 2.7), nRw0,nRw1 represents the product of the normalized reflectance spectrum (nRw) for AERONET-OC (0) and Sentinel-3 (A/B) OLCI (1), and i is the number of spectral bands. A d value close to zero indicates high similarity in spectral shapes, while lower values of R suggest more remarkable similarity in magnitude between the spectra. Our dataset (n = 570) was divided into four glint levels: no-glint (n = 18), low (168), medium (237), and high (147), considering the intervals of d ≤ 0.5 AND R ≤ 1.1; 1.1 < R ≤ 2; 2 < R ≤ 3, and R > 3, respectively. Figure 3 illustrates the classification criteria and glint intensities over Sentinel-3 (A/B) OLCI images and their corresponding spectra. Notably, the glint effect becomes visible in Sentinel-3 (A/B) OLCI images at medium and high intensities. This classification revealed that approximately 97% of Sentinel-3 (A/B) OLCI images acquired under cloud-free conditions were affected by some level of glint, reinforcing the importance of this study. Nonetheless, low and medium glint levels accounted for nearly 71% of the dataset, showing that most detected effects were not indicative of severe contamination.
[image: Satellite images and line graphs depict varying levels of glint intensity over aquatic systems. Four panels show different conditions: no-glint, low, medium, and high, labeled 1 to 4. Each panel includes a map with a marked region and corresponding graphs below that illustrate reflectance measurements for AERONET-OC and Sentinel-3 (A/B) OLCI across wavelengths. Reflectance values and conditions are specified, with varying degrees of glint intensity indicated in the graphs.]FIGURE 3 | Glint intensities from Sentinel-3 (A/B) OLCI images and spectral shifts related to AERONET-OC observations.2.6 Optical water types
We also analyzed the performance of glint correction algorithms across various optical water types. OWTs classify water masses based on their optical properties, encompassing both radiometric and biogeochemical parameters related to water composition. These parameters include Secchi disk depth, algae concentration, inorganic particles, and colored dissolved organic matter (Baker and Smith, 1982; Moore et al., 2014; Spyrakos et al., 2018). For this study, we used a set of 23 OWTs provided by Wei et al. (2022), which capture a wide range of optical water complexities, from low to high. In this context, low optical complexity corresponds to clear waters with minimal suspended and dissolved particles, typically found in oceanic waters, while high optical complexity is associated with productive and turbid waters, such as inland and coastal waters (Morel and Prieur, 1977). To simplify the classification of OWTs, we grouped them into five distinct categories (A, B, C, D, and E) using the k-means algorithm (Lloyd, 1982). Group A (OWTs: 1, 2, 3, and 4) represents waters with low optical complexity. Groups B (OWTs: 5, 6, 7, and 8), C (OWTs: 9, 10, 11, 12, and 13), and D (OWTs: 14, 15, 16, 17, and 18) correspond to intermediate optical conditions, while Group E (OWTs: 19, 20, 21, 22, and 23) includes waters with high optical complexity. Further detailed descriptions about the OWT groups are available in Paulino et al. (2026).
2.7 Validation
To ensure consistency with AERONET-OC observations, Sentinel-3 (A/B) OLCI images were transformed from ρw to Rrs by dividing by π. For the Sentinel-3 (A/B) OLCI pixel extraction, median Rrs spectral data were taken from a 3-by-3 window (equivalent to 900 × 900 m) centered on AERONET-OC sites, excluding the central pixel to avoid platform-induced contamination. For the performance analysis, a set of statistics was calculated to describe the differences between Sentinel-3 (A/B) OLCI and AERONET-OC. The primary metrics included the median symmetric accuracy (ε), symmetric signed percentage bias (β) (Equations 12, 13), and spectral similarity metric d (Section 2.5). ε and β are log-transformed metrics used to minimize problems with outliers and asymmetry (Morley, 2016; Morley et al., 2018), and they are expressed in %. Additional metrics were also considered, such as Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) (Equations 14, 15).
ε%=100×10Q−1(12)
β%=100×signZ10Z−1(13)
MAPE%=1n∑i=1nMi−OiMi×100(14)
RMSEsr−1=1n∑i=1nMi−Oi2(15)
Where M and O refer to measured (AERONET-OC) and observed (Sentinel-3 (A/B) OLCI) values, respectively, n is the sample size, and i represents the spectral bands. Z=Medianlog10OiMi and Q=Medianlog10OiMi. The validation metrics in this study are presented as the average calculated across all eight spectral bands to provide an overall assessment of the deglint method’s performance.
3 RESULTS
3.1 Performance of sunglint removal algorithms under different glint intensities
Scatterplots in Figure 4 compare the Rrs values derived from Sentinel-3 (A/B) OLCI against AERONET-OC observations for three sunglint removal algorithms across varying glint intensities (i.e., No-Glint, Low, Medium, and High). All three methods improved the quality of Sentinel-3 (A/B) OLCI data compared to uncorrected images, especially in the presence of sunglint effect. Under low-glint conditions, SCSub presented the lowest errors, with absolute error (ε) and bias (β) around 37% and 34%, respectively, indicating stronger agreement with spectral content of AERONET-OC. As glint levels increased, all algorithms exhibited greater discrepancies in relation to in situ observations. The high-glint condition produced the most substantial deviations, with both ε and β exceeding 180%. Overall, SCSub achieved the best performance (ε < 85%), while SCFrT and SCSh showed close results, differing by less than 2% (see Fig. A2, Supplementary Appendix A. However, SCSub and SCSh maintained the most consistent performance across glint intensities, with satisfactory results from low to high-glint conditions. In contrast, SCFrT performance degraded under high-glint. Under no-glint images, SCFrT and SCSh were the best-performing models (β < 28%), suggesting that both effectively preserve the water’s spectral response.
[image: Scatter plots comparing Sentinel-3 data against AERONET-OC data across different light conditions (NO-GLINT, LOW, MEDIUM, HIGH) and atmospheric correction methods (Atm_Corr, SCFrT, SCSub, SCSh). Each plot includes data points in varying colors representing wavelengths from 400 nm to 665 nm. Diagonal dashed lines represent a one-to-one correlation. Each plot displays error metrics: epsilon, beta, MAPE, and RMSE.]FIGURE 4 | Validation of sunglint methods across various glint intensities. Colors represent the spectral bands (400, 413, 443, 490, 510, 560, 620, and 665 nm) in agreement between Sentinel-3 (A/B) OLCI and AERONET-OC. Failure data was not considered in this analysis (see Table A2, Supplementary Appendix A).Blue wavelengths (400–490 nm) consistently showed higher errors across all correction methods in the presence of glint, highlighting the challenges in accurately retrieving aquatic reflectance values at shorter wavelengths using simple sunglint corrections. From low to high-glint conditions, the deglint methods showed slightly better agreement in longer wavelengths of the visible range (620 and 665 nm). However, under medium and high-glint intensities, all three algorithms significantly undercorrected Rrs values in wavelengths above 510 nm. Despite these limitations, significant improvements were observed in high-glint conditions when comparing corrected against uncorrected Sentinel-3 (A/B) OLCI data. On average, applied deglint methods reduced absolute errors by more than 128%, demonstrating their value in mitigating glint-induced distortions and enhancing the reliability of Rrs retrievals in glint-contaminated scenes.
Although the glint correction is essential for aquatic remote sensing applications, it involves certain tradeoffs due to occasional method failures (i.e., Rrs spectrum with negative values in any of the bands before or after glint corrections). To account for this factor in our analysis, we quantified the number of match-ups in which such failures occurred (Table A2, Supplementary Appendix A). Among the proposed algorithms, SCSh exhibited the highest number of failures (n = 48); however, this represented less than 9% of the total dataset (n = 570). These findings suggested that, overall, all three methods are generally effective in preventing invalid aquatic reflectance retrievals in Sentinel-3 (A/B) OLCI images across the visible spectral range (400–665 nm).
3.2 Insights from skyglint correction in the blue spectral range
The blue wavelengths (400–490 nm) from OLCI play a crucial role in estimating chlorophyll-a concentrations in the open ocean and CDOM in inland and coastal waters. However, our findings indicated that simple sunglint correction methods alone are not sufficient to achieve satisfactory performance within this range. To address this, we implemented a skyglint correction model (Gordon et al., 1988) in combination with sunglint corrections (Figure 5) to evaluate potential improvements. The inclusion of the skyglint component improved performance across low to high-glint intensities. Absolute errors were below 28% and 67% under low and medium-glint conditions, respectively. For high-glint, improvements were especially evident in the shorter wavelengths (400–560 nm); however, the accuracy remained insufficient to reliably support aquatic applications (ε > 100%). Notably, the blue wavelengths were better corrected with this approach. Conversely, under no-glint conditions, the combined correction performed poorly across all methods, with both ε and β above 53%, and a high incidence of overcorrection failures (Table A2, Supplementary Appendix A). Overall, SCSh + SkyG was the most conservative and reliable performance, showing the best balance between accuracy (Fig. A2; Supplementary Appendix A) and failure rate (Table A2; Supplementary Appendix A). While SCSub + SkyG also achieved low error values, it produced the highest number of failures (n = 137), indicating that this approach may lead to a significant number of invalid pixels in Sentinel-3 (A/B) OLCI images.
[image: Scatter plots showing data comparison between Sentinel-3 and AERONET-OC across four glint conditions: No-Glint, Low, Medium, and High. Each condition has Three rows for SCFrT + SkyG and SCSub + SkyG, and SCSh + SkyG methods. Metrics include epsilon, beta, MAPE, and RMSE, with wavelengths represented by different colored markers. Dotted lines indicate a 1:1 ratio, suggesting data agreement or deviation.]FIGURE 5 | Validation of sunglint methods combined with SkyG across various glint intensities. Colors represent the spectral bands (400, 413, 443, 490, 510, 560, 620, and 665 nm) in agreement between Sentinel-3 (A/B) OLCI and AERONET-OC. Failure data was not considered in this analysis (see Table A2, Supplementary Appendix A).Spectral similarities are shown in Figure 6. Notably, the blue wavelengths were better represented when skyglint correction was applied. These improvements were primarily observed as a reduction in spectral offset between Sentinel-3 (A/B) OLCI and AERONET-OC, with minor changes to the spectral shape. Low-glint conditions benefited the most from this approach, while medium and high-glint conditions still exhibited residual effects. By checking the AERONET-OC spectra under medium and high-glint, the Rrs values were less than 0.5%, making accurate retrieval particularly challenging under such conditions. Nevertheless, it is relevant to observe a reduction in spectral distortions even under these more extreme conditions. Although SCFrT + SkyG preserved the water spectrum in the valid match-ups (i.e., without failures) compared to other methods, all approaches – including this one – tended to compromise the shorter wavelengths (400–510 nm) when applied to pixels not affected by glint. This observation highlights the importance of using glint masks to guide correction strategies across the Sentinel-3 (A/B) OLCI images, ensuring that corrections are applied only where needed and avoiding unnecessary distortions in glint-free pixels.
[image: Grid of line graphs showing remote sensing reflectance (Rr_s) across wavelengths from 400 to 665 nm under different conditions: No-Glint, Low, Medium, High. The graphs compare various correction methods: AERONET-OC, Atmospheric Correction, Sun-glint Correction, and Sun- and Sky-glint Correction, with data presented for SCFrT, SCSub, and SCSh scenarios. Shaded areas indicate variability. Each plot includes metrics such as "d" values for group comparisons.]FIGURE 6 | Spectral agreement between AERONET-OC and Sentinel-3 (A/B) OLCI Rrs after applying sunglint correction, as well as after combining sunglint and skyglint corrections. The data represent the mean and standard deviation within a percentile interval (5%–95%). The variable d indicates the average spectral similarity metric, with values marked by (*) and (**) representing those after the sunglint correction and combined sun and skyglint correction, respectively.3.3 Analyzing the Sentinel-3 (A/B) OLCI image quality under visible glint conditions
The glint intensity classification used in this study (Section 2.5) revealed that when the glint is visible in 300 m Sentinel-3 (A/B) OLCI images, it typically corresponds to a medium- or high-level glint. After applying glint correction, a general reduction in image brightness is observed (Figure 7). To illustrate the performance of the different correction methods, we highlighted four representative cases (I–IV) where the effects of glint correction are clearly visible. Case I (SCFrT + SkyG (a)) shows residual glint effects after correction. Bright zones and glint-related textures remain visible, indicating that the correction method failed to fully remove glint. In Case II (SCSub + SkyG (a)), the corrected image demonstrates overcorrection, where zones previously affected by glint appear darker than their surroundings, suggesting an excessive correction of reflectance values. Case III (SCFrT + SkyG and SCSub + SkyG (c)) highlights overcorrection accompanied by artifact creation. In this case, some zones that were only slightly affected by glint in the original image appear unnaturally bright after correction, producing visual inconsistencies. Case IV (SCSh + SkyG (c)) showcases the benefits of effective glint correction. Previously hidden aquatic features, such as algal blooms, become visible after correction. In (b) and (d), all methods produced close brightness levels, but SCSh + SkyG was the most consistent approach across all examples. It visibly reduced glint while preventing artifacts, indicating that this method is more suitable under medium and high-glint conditions.
[image: A comparative grid of processed satellite images shows an area of water and land under different atmospheric correction methods: Atm. Corr., SCFrT + SkyG, SCSub + SkyG, and SCSh + SkyG. Each row (a, b, c, d) shows the area under different conditions or filtering. Yellow arrows point to specific features marked with roman numerals (I to IV). A scale of zero to ten kilometers is provided. The top left includes a compass and global locator.]FIGURE 7 | RGB (8-6-4) composite from Sentinel-3 A/B images showing instances where the glint effect is prominent before and after the correction. The narrows indicate specific cases observed post-correction: (I) represents residual glint effect that were not fully removed; (II) overcorrection resulting in dark areas in the images; (III) overcorrection with visual artefacts; and (IV) improved delineation of aquatic spectral features. All visualizations with similar local/date were adjusted using similar contrast and brightness levels to ensure a reliable comparison.Figure 8 shows a comparison between two Sentinel-3 (A/B) OLCI images acquired on the same day. Panel (a) is strongly affected by glint, while panel (b) was captured under no-glint. In the absence of glint, both images are expected to yield comparable spectral responses over the same time and region. However, as shown in Figure 8f, the image with strong glint effects displays a significant spectral offset compared to both the no-glint and the AERONET-OC observations. Among all correction methods, only SCSh + SkyG (Figure 8e) successfully reduced the glint-induced spectral distortions, producing an Rrs spectrum that closely matches both the no-glint image and the AERONET-OC. The RGB composites (Figures 8c–e) highlight the differences in method performance. While all deglint methods reduced the visual impact of glint, only SCSh + SkyG provided a result visually consistent with the no-glint image reference (Figure 8b). In contrast, the other methods introduced visible overcorrections, suggesting that they may not be suitable for addressing extreme glint problems in Sentinel-3 (A/B) OLCI imagery.
[image: Satellite imagery and graphs comparing different atmospheric correction algorithms. Panels (a)-(b) show Sentinel-3 (A/B) images acquired at the same day, and panels (c)-(e) show the image (a) corrected for glint effects. The central feature appears to be a body of water with visible color variations. Panel (f) presents a line graph showing spectral reflectance (Rrs) across wavelengths for each label, including AERONET-OC data. Panel (g) displays a histogram of frequency versus Rrs at 560 nm, with overlays for each algorithm.]FIGURE 8 | RGB (8-6-4) composite derived from Sentinel-3 OLCI images taken on the same day for sensors A (high-glint) and B (no-glint), as highlighted in plots (a,b) respectively. Additionally, composites from Sentinel-3A OLCI images following correction are presented (c–e) and the spectral agreement between the methods and images against AERONET-OC observation is examined (f,g). The numbers (1–5) in panels (f,g) correspond to the data derived from the images labeled accordingly.3.4 Glint correction performance across OWTs
In this section, the spectral similarity between Sentinel-3 (A/B) OLCI and AERONET-OC observations is analyzed across various OWTs, ranging from low to high optical complexity (Figure 9). Overall, all three deglint methods (SCFrT, SCSub, and SCSh) demonstrated strong agreement with AERONET-OC, indicating that they are generally capable of preserving the spectral characteristics of different water types. Despite the application of both sun and skyglint corrections, a residual offset across the entire visible range was observed in waters with low optical complexity (Group A), with only minor disagreement in spectral shape (d < 0.15). As optical water complexity increased, the magnitude of spectral deviations also increased, particularly in the shorter wavelengths (400–510 nm), where the residual glint effect remained evident. Group E, representing the most optically complex waters, showed the largest discrepancies between Sentinel-3 (A/B) OLCI image and in situ spectra, with average d values exceeding 0.3. The failure analysis (Table A3, Supplementary Appendix A) revealed that most match-up failures occurred in waters with moderate optical complexity (Group C) (n > 73). Differently, waters in Groups A and E were least affected, with a failure count of less than two failures.
[image: Graphs comparing remote sensing reflectance (Rrs) across five groups labeled A to E, organized by optical water complexity from low to high. Each row corresponds to different conditions: SCFrT, SCSub, and SCSh. Wavelengths range from 400 to 665 nm. Distinct colors and line styles represent AERONET-OC, Sun-glint, and Sky-glint corrections, while the metric d quantifies the spectral similarity between corrected spectra and the reference.]FIGURE 9 | Spectral agreement between Sentinel-3 (A/B) OLCI after glint correction and AERONET-OC considering the different OWTs, ranging from low to high optical complexity (A-to-E groups). The data represent the mean and standard deviation within a percentile interval (5%–95%). The variable d indicates the average spectral similarity metric calculated between spectra.4 DISCUSSION
Our study assessed existing deglint methods for Sentinel-3 (A/B) OLCI imagery across varying glint intensities and optical water types. Among the proposed approaches, the combination of SCSh and SkyG achieved the best overall performance, with the lowest absolute error (ε < 58%) (Fig. A2, Supplementary Appendix A) and the fewest failure cases (n = 99, 17% of all match-ups) (Table A2, Supplementary Appendix A). This suggests that it is most effectively aligned with AERONET-OC observations while avoiding significant invalid values in the visible range (400–665 nm). Although SCFrT + SkyG and SCSub + SkyG exhibited errors close to SCSh (ε > 62.82%) (Fig. A2, Supplementary Appendix A), they frequently showed an elevated number of failures, approximately 21% (n = 120) and 24% (n = 137), respectively. No single method consistently performed well across all wavelengths and glint conditions, especially in the blue region (400–490 nm) and under the full range of glint intensities (i.e., No-Glint, Low, Medium, and High). While SCSub and SCFrT showed better results under low to medium-glint conditions, only SCSh could effectively minimize the glint effect in high-glint intensity (Figure 8). Achieving accurate aquatic reflectance is a challenge demonstrated in various studies (Maciel et al., 2023; Pahlevan et al., 2021; Vanhellemont and Ruddick, 2021; Warren et al., 2019), and our findings confirmed that glint miscorrection under high-glint conditions could introduce noticeable artifacts in 300 m Sentinel-3 (A/B) OLCI images (Figure 7). Under no-glint conditions, all evaluated methods tended to overcorrect the Rrs spectra. This outcome reinforces the necessity of applying glint masks (Wang and Bailey, 2001) to flag and exclude glint-free areas prior to correction, mainly when using coarser resolution images like Sentinel-3 (A/B) OLCI. All glint correction methods used need to be accompanied by a proper atmospheric correction (i.e., removal of atmospheric scattering and absorption contribution), which is inherently dependent on accurate atmospheric parameters such as aerosol optical thickness, aerosol type, and gaseous transmittance (Harmel et al., 2018). In the results presented, atmospheric correction was performed using on-ground-based products derived from AERONET to ensure high consistency across matchups and to minimize residual atmospheric effects. Unfortunately, AERONET is not dense enough to provide data for all aquatic systems. In such cases, other sources can be used to derive atmospheric parameters, such as those offered by MODIS and VIIRS (Caballero et al., 2025), noting that the global accuracy remains dependent on the quality and regional representativeness of these products.
Including skyglint correction (SkyG) significantly improved the retrievals in the blue wavelengths (Figure 5). Across all glint-intensity categories, reflectance in the blue wavelengths was reduced, bringing the values into closer agreement with AERONET-OC observations. The combination of sunglint methods with SkyG reduced Rrs by nearly threefold (∼65%) relative to the uncorrected values (Fig. A1 and Fig. A2, Supplementary Appendix A), yielding the most accurate results under low to medium-glint conditions, which were the best-resolved scenarios in this study. Even under high-glint conditions, some improvements were observed in the shorter wavelengths, although the overall accuracy remained insufficient for aquatic applications (ε > 100%). These applications typically require error rates to meet the accurate retrieval of OACs in ocean color products (<30%) (Global Climate Observing System, 2016). When considering optical water types (Figure 9), no significant difference was observed between deglint method performance, which means all methods preserved spectral water features. However, waters with higher optical complexity exhibited more pronounced spectral distortions than those with lower optical complexity. The shorter wavelengths (400–510 nm) remained particularly challenging, as their spectral shapes often deviated from those observed in AERONET-OC spectra. This may be due to a residual skyglint effect that is observable under medium and high-glint intensity (Figure 5). Furthermore, the absorption features caused by overlapping phytoplankton and colored dissolved organic matter (CDOM) lead to very low Rrs values in this range (Liu et al., 2021; Song et al., 2015; Zhang et al., 2021), making spectral agreement between Sentinel-3 (A/B) OLCI and AERONET-OC especially difficult to achieve.
All deglint methods tested in this study showed limitations within our processing scheme. A critical challenge in sunglint correction is the dependence on wavelength-specific assumptions. The SCFrT and SCSub methods infer sunglint intensity based on a longer wavelength signal (Vanhellemont, 2019). For Sentinel-3 (A/B) OLCI, we adopted the spectral band centered at 1,020 nm as a reference because it is the longest wavelength available and the most spectrally distant from the visible domain. However, in optically clear waters, atmospheric correction at this spectral range can yield negative reflectance values due to its low signal-to-noise ratio (reference SNR ∼152; Donlon et al., 2012), whereas in shallow or turbid waters, residual water-leaving reflectance can persist beyond 900 nm (Ruddick et al., 2000; Wang et al., 2012). This behavior indicates that the 1,020 nm band cannot always be considered a perfectly dark reference, which may contribute to overcorrection or instability in the SCFrT and SCSub outputs. In our analysis, the spectral behavior remained consistent across glint levels (Figures 6, 9), and no anomalous patterns were observed that would indicate significant contamination by nonzero reflectance at 1,020 nm. These findings suggest that while the use of 1,020 nm introduces potential uncertainty in shallow or highly turbid environments, it provides a practical proxy for glint estimation within the range of conditions analyzed in this study.
The SCSh method offers a reliable alternative for clear and moderately turbid waters by using the oxygen absorption band centered at 761 nm (Kutser et al., 2009). However, because this wavelength lies within the atmospheric oxygen absorption region, uncertainties in gaseous transmittance could bias the inferred glint magnitude, especially over no-glint conditions, as suggested by Kutser et al., 2009. Under this condition, the glint signal is negligible compared to the uncertainties associated with the atmospheric transmission, making the method more sensitive to minor deviations in the 761 wavelengths. Conversely, when glint is present, its contribution to the total radiance dominates these minor uncertainties, reducing their relative influence on the correction accuracy. Similar to the limitations faced with SCFrT and SCSub, obtaining a pure sunglint signal at this wavelength, free from the influence of OACs, can be particularly challenging in highly turbid waters. High concentrations of particles like suspended sediments or phytoplankton tend to scatter light at longer wavelengths (Kirk, 2011), complicating the isolation of pure glint signals. Additionally, this method assumes a variable sunglint intensity across the image and spatially homogeneous water properties, which is not always the case. The methods used implicitly assume a linear relationship between the glint intensity observed in the reference and visible bands, which in reality can vary with atmospheric properties (Kay et al., 2009). The simplification of addressing sunglint solely through spectral relationships also poses intrinsic limitations, since glint intensity is influenced by external factors such as geometry and surface roughness (Cox and Munk, 1954). In Sentinel-3 (A/B) OLCI imagery, these limitations can be particularly critical because the sensor’s wide swath (1,270 km) results in variations in illumination-viewing geometry across the scene (D’Alimonte et al., 2025). As a consequence, glint intensity can vary markedly within the same acquisition, and this partially explains the reduced performance of all tested methods under high-glint conditions.
Another challenge relates to the application of skyglint correction. While we intended to enhance the glint removal in Sentinel-3 (A/B) OLCI images, combining both corrections (sunglint + skyglint) often led to negative Rrs values (>620 nm), resulting in the complete loss of affected pixels (Table A2, Supplementary Appendix A). As such, skyglint correction is best recommended when shorter wavelengths are the primary focus in aquatic applications. For example, conventional bio-optical algorithms dedicated to open ocean waters estimate chlorophyll-a, an algal pigment used as a proxy for primary productivity (Matthews, 2017), relying on blue-green ratios (443/490 nm–560 nm) (O’Reilly et al., 1998). Also, inland and coastal waters may use these wavelengths to estimate CDOM (e.g., 412, 443, and 490 nm) (Bonelli et al., 2021; Huang et al., 2022) and the Secchi depth (e.g., 490 nm) (Maciel et al., 2023).
Sentinel-3 (A/B) OLCI is a key ocean color sensor that has provided nearly a decade of high-quality multispectral data critical for aquatic studies. Given its proven performance, there is a significant opportunity for synergistic use of Sentinel-3 (A/B) OLCI with other satellites (Pahlevan et al., 2020; Warren et al., 2021), including the new generation of hyperspectral sensors dedicated to aquatic investigations, such as NASA’s PACE (Plankton, Aerosol, Cloud, and Ocean Ecosystem) mission (launched on 8 February 2024) (Werdell et al., 2019). Its use in developing synthetic images with super-resolution is also requested (Paulino et al., 2025). This demands increasingly robust data processing, including glint correction. Although Sentinel-3 (A/B) OLCI includes mechanisms to mitigate glint (Donlon et al., 2012), our analysis showed that this problem is still prevalent, with 97% of our dataset affected to some degree. This highlighted the need for reliable deglint solutions. In addition to traditional correction approaches, emerging machine learning and deep learning techniques show considerable potential – whether applied to atmospheric correction (Zhao et al., 2023) or designed explicitly for glint removal (Giles et al., 2021) – and may help overcome limitations observed in current methods. Therefore, ongoing improvements in processing deglint methodologies for Sentinel-3 OLCI are essential to ensure accurate, consistent, and long-term monitoring of aquatic systems.
5 CONCLUSION
This study demonstrated that glint – both sun and skyglint effects – constituents a significant challenge in imagery acquired by Sentinel-3 (A/B) OLCI. We evaluated three methodologies for removing these effects, and overall, all image-based sunglint methods, when combined with skyglint correction, produced improvements in Sentinel-3 (A/B) OLCI imagery. Among them, the combination of SCSh (i.e., a sunglint removal method designed for optically shallow waters) and SkyG (i.e., an analytical skyglint removal method) emerged as the most reliable, effectively reducing spectral distortions while preserving aquatic features across varying glint intensities and optical water types. Conversely, no single method worked perfectly in all glint contexts. The blue spectral bands (400–490 nm) were particularly susceptible to miscorrections, and in glint-free conditions, all applied methods tended to overcorrect Rrs values. This reinforces the critical role of glint detection and its masking in image preprocessing workflows. While no universal solution exists for correcting glint effects across varying intensities, it became evident that the implementation of glint correction substantially enhances the quality of Sentinel-3 (A/B) OLCI imagery. Moving forward, future efforts should focus on improving the spectral consistency of Sentinel-3 (A/B) OLCI images under medium and high-glint conditions, particularly within the blue wavelengths. Advancements in glint correction are vital for unlocking the full potential of Sentinel-3 (A/B) OLCI imagery for inland, coastal, and oceanic water quality monitoring applications.
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