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A B S T R A C T

Satellite remote sensing provides synoptic coverage and frequent revisit capabilities, making it an essential tool 
for estimating suspended particulate matter (SPM) in optically complex aquatic environments. Recent advances 
in satellite-derived optical water type (OWT) classification offer new opportunities for improving SPM retrieval 
across diverse water bodies, yet a systematic per-OWT recalibration and comparative evaluation of existing SPM 
algorithms has not been fully assessed. In this study, we employ a comprehensive framework that recalibrates 17 
widely used SPM algorithms for each of 11 satellite-derived OWT classes and uses a Round-Robin evaluation to 
identify the optimal algorithm for each class while minimizing cross-type performance variability. Using 
Sentinel-2 MultiSpectral Instrument (MSI) reflectance, the resulting OWT-based blending scheme achieves 
substantially improved accuracy across optically diverse transitional waters, with a Root Mean Square Error (Ψ) 
of ~4.6–8.2 g/m3 and a coefficient of determination (r2) of 0.87–0.91 when validated against in-situ observa
tions, including measurements from regions not used for calibration. The framework is further demonstrated 
through spatial mapping and multi-year trend analysis of SPM in two transitional coastal systems. The results 
highlight the value of satellite-derived OWTs for enhancing the transferability and robustness of SPM retrievals 
and provide a scalable approach for water-quality monitoring and ecosystem-assessment applications.

1. Introduction

Suspended particulate matter (SPM) in coastal and inland waters is 
influenced by a complex interplay of factors, including riverine 
discharge, anthropogenic dredging, natural sediment resuspension, and 
the hydrodynamic forces of tidal currents (Manivanan, 2008; Sent et al., 
2025; Wolanski and Elliott, 2015). Elevated SPM concentrations impose 
significant impacts on aquatic ecosystems. Beyond diminishing water 
clarity and quality, high SPM levels strongly affect light attenuation, 
photosynthetic potential, the depth of the euphotic zone and trophic 
dynamics (Turner and Millward, 2002). Systematic and continuous 
monitoring of SPM variability is thus critical in supporting the preser
vation of ecological integrity and long-term sustainability of aquatic 
ecosystems, especially in optically complex environments.

Satellite and airborne remote sensing technologies have become 
indispensable for mapping SPM distributions, offering holistic and 
scalable insights into its spatial and temporal variability (Matthews, 

2011; Odermatt et al., 2012). Over the years, advancements in satellite 
technology have significantly refined the precision (e.g., resolution) and 
expanded the capabilities of SPM retrieval, fostering the development of 
numerous algorithms tailored to different radiometric datasets and 
water conditions. These algorithms, broadly categorized into semi- 
analytical and empirical approaches, have been instrumental in 
advancing our understanding of SPM dynamics.

Semi-analytical algorithms are fundamentally based on radiative 
transfer theory, using the inherent optical properties (IOPs) of water to 
establish relationships with SPM concentrations. A key IOP within these 
algorithms, particle backscattering (bbp), has been extensively validated 
as a reliable proxy for SPM concentration, as demonstrated in studies 
such as Neukermans et al. (2012) and Tavora et al. (2020). Conversely, 
empirical algorithms take a pragmatic approach, directly correlating 
spectral reflectance data with SPM concentrations, bypassing the 
complexity of IOP analysis. For example, the linear model by Jorgensen 
(1999) as well as the approaches by Nechad et al. (2010) and Ondrusek 

* Corresponding author.
E-mail address: Junl@pml.ac.uk (J. Lin). 

Contents lists available at ScienceDirect

International Journal of Applied Earth  
Observation and Geoinformation

journal homepage: www.elsevier.com/locate/jag

https://doi.org/10.1016/j.jag.2026.105302
Received 11 December 2025; Received in revised form 2 April 2026; Accepted 18 April 2026  

International Journal of Applied Earth Observation and Geoinformation 149 (2026) 105302 

Available online 30 April 2026 
1569-8432/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0003-1498-527X
https://orcid.org/0000-0003-1498-527X
https://orcid.org/0000-0001-5434-2928
https://orcid.org/0000-0001-5434-2928
mailto:Junl@pml.ac.uk
www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2026.105302
https://doi.org/10.1016/j.jag.2026.105302
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2026.105302&domain=pdf
http://creativecommons.org/licenses/by/4.0/


et al. (2012) have significantly enriched the field. Notably, studies like 
that of Doxaran et al. (2002) demonstrate how certain band ratios of 
remote sensing reflectance (Rrs) can be effective proxies for SPM con
centration in specific environments.

Despite these advancements, both semi-analytical and empirical al
gorithms still face challenges in terms of versatility. While many were 
developed using data from specific regions, ensuring optimal results 
within those confines, their applicability often diminishes when 
extended beyond their origin. This limitation arises from the inherent 
variability in the optical properties of different water bodies, which can 
vary temporally due to factors such as riverine influxes and algal pro
liferation. These fluctuations, influenced by various environmental dy
namics, can significantly affect the algorithm's accuracy. Moreover, the 
limitations are often rooted in assumptions underlying their de
velopments. For instance, algorithms that rely on near-infrared (NIR) 
reflectance assume that this spectral band reliably captures SPM signals. 
While this is valid in turbid waters with high particulate concentrations, 
the NIR signal becomes negligible in clearer waters, leading to inaccu
rate or unusable estimates. Such context-specific assumptions constrain 
the adaptability of these algorithms across diverse aquatic 
environments.

To overcome these challenges, researchers have developed algo
rithms based on Optical Water Types (OWTs) to enhance inversion ac
curacy from remote sensing (Jiang et al., 2021; Moore et al., 2001; 
Novoa et al., 2017; Uudeberg et al., 2019). The approaches aim to group 
waters with similar optical properties and develop the optimal algorithm 
tuned for each OWT class. In principle, OWT-based algorithms are in
dependent of geographic location and time, exhibiting less geographic 
specificity than traditional regional algorithms. However, broader util
ity is still limited by shortcomings in both the OWT classification and the 
SPM estimation algorithms currently employed. OWT classes used for 
water quality parameter estimation within the Ocean Colour Climate 
Change Initiative (OC-CCI) products were first built using in-situ 
reflectance data (Moore et al., 2009). In a subsequent iteration of OC- 
CCI, OWTs were updated to instead be based on satellite reflectance 
data with more comprehensive coverage in both space and time, as this 
provided a more balanced and representative training dataset (Jackson 
et al., 2017). OWT classes for freshwater and coastal systems have been 
developed based on in-situ reflectance data (Spyrakos et al., 2018) and 
have been demonstrated to greatly improve water quality parameter 
estimates when algorithms are calibrated on a per-OWT basis (Neil et al., 
2019). Similar to developments within OC-CCI, questions arise as to the 
sufficient representativeness of an in-situ training dataset as compared 
to that from satellite with its more comprehensive coverage. Recent 
innovations, such as the pan-regional classification employed by 
Atwood et al. (2024), have showcased promising performance in OWT 
classification for transitional water systems based on satellite remote 
sensing reflectance data. A per-OWT algorithm calibration on an OWT 
set built from satellite reflectance data has to date not been performed. 
This progress can further accelerate efforts to refine SPM estimation 
methods grounded in OWT principles, potentially leading to more ac
curate SPM estimates particularly for transitional water systems. 
Building on these developments, a remaining challenge concerns the 
transferability of SPM algorithms across diverse optical environments. A 
key motivation for this study is that most previous OWT-based ap
proaches used OWT classes derived from limited in-situ reflectance 
observations, which are often geographically biased and do not fully 
represent the optical diversity of transitional waters. The satellite- 
derived OWTs employed here provide substantially broader spatial 
and temporal coverage, enabling a more representative characterization 
of water types. Importantly, although OWTs have been applied, for 
example, to guide chlorophyll-a retrievals (Liu et al., 2021; Neil et al., 
2019) in large-scale ocean-colour products, a systematic per-OWT 
recalibration and comparative evaluation of major SPM algorithms 
using satellite-derived OWTs has not yet been comprehensively 
assessed. This gap limits the transferability of existing SPM algorithms 

across diverse optical regimes, particularly in highly dynamic coastal 
waters.

Although SPM can often be retrieved reliably within individual re
gions, our analysis and previous studies show that the performance of 
any single algorithm varies substantially across different OWTs. This 
cross-type variability becomes a major source of uncertainty when 
applying regional algorithms to optically diverse waters, leading to 
inconsistent retrieval quality under both low and high turbidity condi
tions. Addressing this practical limitation requires an approach that 
explicitly accounts for the optical heterogeneity of water bodies. By 
recalibrating and selecting algorithms on a per-OWT basis, the present 
study aims to reduce this cross-type variability and provide more stable, 
transferable SPM retrievals across distinct aquatic environments.

This study pursues four primary objectives. First, we aim to perform 
a comprehensive assessment of major existing SPM retrieval algorithms, 
employing an independent matchup dataset including in-situ SPM 
measurements and Sentinel-2 MultiSpectral Instrument (MSI) reflec
tance (ρw) data. Second, building on the new OWT classification pro
posed by Atwood et al. (2024), the 17 candidate SPM algorithms are first 
recalibrated for each of the 11 OWTs, after which a Round-Robin 
assessment is conducted to determine the optimal algorithm for each 
OWT. Third, we apply an OWT-based blending approach for estimating 
SPM from MSI data and validate its accuracy using in-situ SPM mea
surements. Lastly, our study demonstrates the practical applicability of 
the proposed SPM blending approach, showcasing its effectiveness in 
estimating SPM levels within two coastal waters. An additional meth
odological contribution of this work is the introduction of a Round- 
Robin evaluation strategy to quantify the stability of each algorithm 
across spatially independent subsets. Unlike random data splits, which 
risk leakage between calibration and validation samples, the Round- 
Robin approach allows performance to be assessed under varied opti
cal and regional conditions. This design provides a more rigorous test of 
generalizability and ensures that the algorithm selected for each OWT 
class performs consistently beyond the regions used for recalibration.

2. Data

An extensive dataset of in-situ SPM measurements was compiled in 
this study. The measurement locations include seven regions: the Elbe, 
Curonian, Tagus, Venice, Danube, Black Sea, and Étang de Berre (Fig. 1
and Table 1). The SPM concentrations were determined using the 
gravimetric method following established protocols (Strickland and 
Parsons, 1972). Water samples were collected from the field, trans
ported to the laboratory, and filtered through 47 mm GF/F filters. The 
filtration volume was determined by starting with a small amount and 
incrementally increasing the volume until filtration slowed markedly, 
with adjustments made for differences in sediment load. Sample vol
umes typically ranged from 50 mL to 1,000 mL, depending on water 
clarity. The filters were then dried at 60◦C for 24 h before weighing. By 
comparing the mass of the dried filter with and without the collected 
particles, and considering the volume of filtered water, the SPM con
centration was calculated. These SPM measurements span a broad 
range, from ~ 0.3 to ~ 250 g/m3 (Table 2 summarizes OWT-stratified 
SPM statistics). The dataset is representative of diverse aquatic envi
ronments, covering a wide optical range within transitional and coastal 
waters, including relatively clear offshore-adjacent waters.

MSI Level-1C imagery was atmospherically corrected using two 
complementary processors: POLYMER (v4.16; CERTO “minabs2” 
configuration) and ACOLITE (Generic version 20231023) operated in 
Dark Spectrum Fitting (DSF) mode (Vanhellemont and Ruddick, 2018). 
Processing was performed at 60 m spatial resolution. A common IdePIX 
cloud mask was applied to both products (MSI flags: IDEPIX_CLOUD, 
IDEPIX_INVALID, IDEPIX_CLOUD_AMBIGUOUS, IDEPIX_CLOUD_ 
BUFFER, IDEPIX_VEG_RISK, IDEPIX_CLOUD_SHADOW, IDEPIX_SNO
W_ICE, IDEPIX_MOUNTAIN_SHADOW, IDEPIX_CIRRUS_SURE). For 
POLYMER, valid water pixels additionally satisfied the standard 
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POLYMER validity expression (bitmask & 10230) and ρw < 0.12 at all 
spectral bands. ACOLITE outputs were further masked for sun glint using 
ρgli < 0.01, where ρgli is the glint reflectance predicted from wind speed 
using the Cox and Munk (1954) model as implemented in POLYMER.

The final water-leaving reflectance ρw(λ) was generated by per-band, 
pixel-wise merging of POLYMER and ACOLITE following the CERTO 
protocol (https://certo-project.org/Resources/CERTO_D5.4_final.pdf), 
using ρw,poly(865) as the blending index: 

ρw(λ) = α ρw,poly(λ)+ (1 − α) ρw,aco(λ), (1) 

with transition thresholds ρmin = 0.005 and ρmax = 0.015: 

α =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1, ρw,poly(865) < ρmin

0, ρw,poly(865) > ρmax

ρmax − ρw,poly(865)
ρmax − ρmin

, otherwise.

(2) 

Pixels in the transition zone (0 < α < 1) were required to satisfy both 
POLYMER and ACOLITE quality masks. This formulation ensures a 
smooth transition between atmospheric-correction outputs across 
turbidity regimes while maintaining consistent quality control.

A procedure was implemented to obtain matchups of MSI-derived ρw 
data corresponding to each in-situ SPM measurement, resulting in a total 
of 1451 matchups. Satellite matchup statistics were derived using a 9- 
nearest-neighbour approach, which includes: 

• Reflectance values for the centre pixel (the pixel closest to the sam
pling point).

• Descriptive statistics (mean, median, and standard deviation) for the 
9 surrounding pixels.

• The number of valid pixels within the 9-nearest-neighbour set.

Fig. 1. Spatial distribution of in-situ SPM samples used for Sentinel-2 MSI matchups in the study regions. Magenta markers denote valid matchups between satellite 
and in-situ observations. Background colour indicates water depth (m). Panels show (a) Elbe, (b) Danube, (c) Tagus, (d) Venice, (e) Curonian, (f) Étang de Berre, and 
(g) Black Sea; the corresponding latitude/longitude bounds, sampling time ranges, and matchup counts are summarized in Table 1. To support model development 
and independent evaluation, matchups from Elbe and Danube were randomly split into Dataset A (calibration and Round-Robin assessment) and Dataset B (internal 
validation) using a 2:1 ratio, while matchups from Tagus, Venice, Curonian, Étang de Berre, and Black Sea were grouped into Dataset C for geographically inde
pendent validation (see Table 1 for region-wise counts and date ranges). (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)

Table 1 
In‑situ monitoring coverage and sampling dates by region.

Region Latitude (◦) Longitude 
(◦)

Start Date End Date N

Elbe 53.49 −
54.70

6.54 − 10.06 2018–10- 
17

2021–06- 
28

1081

Danube 44.70 −
44.98

28.88 −
29.11

2021–04- 
22

2022–05- 
22

14

Tagus 38.67 −
38.88

− 9.25 −
-8.98

2017–12- 
09

2022–09- 
21

75

Venice 45.31 −
45.48

12.28 −
12.51

2021–03- 
05

2022–09- 
27

69

Curonian 55.31 −
55.64

21.02 −
21.25

2020–09- 
29

2022–11- 
06

21

Black Sea 41.72 −
44.36

28.65 −
41.74

2023–05- 
01

2024–06- 
17

62

Étang de 
Berre

43.40 −
43.53

5.02 − 5.21 2016–09- 
01

2019–07- 
24

129

Table 2 
Number of matchups per OWT, with turbidity represented by in-situ SPM.

OWT N Median SPM (g/ 
m3)

Minimum SPM (g/ 
m3)

Maximum SPM (g/ 
m3)

1 43 0.84 0.36 0.98
2 45 1.12 0.39 3.80
3 60 1.47 0.37 8.86
4 230 3.41 0.28 13.65
5 90 2.79 0.89 7.40
6 147 3.63 0.35 32.20
7 210 4.51 2.03 31.16
8 249 11.13 4.03 43.95
9 138 20.17 4.70 250.0
10 50 23.25 6.77 212.24
11 189 54.27 30.14 98.54
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• The time difference between in-situ sampling and the satellite 
overpass.

The mean and standard deviation of the nearest-neighbour pixels 
were used to calculate the coefficient of variation for the matchup 
macro-pixel. The filtering criteria for matchups included three key fac
tors: (1) the coefficient of variation is less than 0.2, (2) the number of 
valid pixels should be more than 5, and (3) the time difference between 
in-situ sampling and the satellite overpass should be no longer than 3 h. 
Fig. 1 presents a map illustrating the distribution of the sampling and 
matchup locations. Further, the water type classification methodology 
of Atwood et al. (2024) was employed to identify the dominant OWT 
associated with each matchup. The corresponding OWT membership 
scores were also recorded for subsequent SPM blending processing.

To facilitate a comprehensive and structured assessment of the pro
posed algorithms, the dataset was divided into three distinct subsets. 
Because Elbe and Danube include extensive temporal and spatial 
coverage, random splits were applied only within these regions to pre
serve independent observation conditions and reduce autocorrelation. 
Measurements from the Elbe and Danube regions were randomly split in 
a 2:1 ratio into Dataset A (730 points) and Dataset B (365 points). 
Dataset A was used for algorithm recalibration and evaluation, while 
Dataset B served as an internal evaluation set to examine interpolation 
performance within the same regional context. The 2:1 split was chosen 
to ensure adequate calibration sample size within each OWT class for 
stable per-OWT optimization while preserving an independent internal 
validation subset. We repeated the full workflow using alternative split 
ratios (70/30 and 80/20). The blended-product performance on Data
sets B and C showed similar patterns across splits (Table S1).

To further assess the generalizability of the algorithm across 
different geographical regions, a third subset, Dataset C (356 points), 
was constructed using all measurements from the Tagus, Venice, Curo
nian, Black Sea, and Étang de Berre regions (Table 1). The Black Sea 
measurements were obtained from three research cruises and are pub
licly available via Zenodo (DOIs: https://doi.org/10.5281/zenodo.15 
120079; https://doi.org/10.5281/zenodo.15119521; https://doi. 
org/10.5281/zenodo.14978829). Dataset C was completely excluded 
from the algorithm recalibration process and used solely for indepen
dent evaluation. This region-based separation ensures that the assess
ment of the algorithm’s transferability is conducted under conditions 
not represented in the calibration phase, thus providing a more robust 
estimate of performance on ecologically distinct regions.

3. Methods

3.1. SPM algorithms

A total of 17 SPM algorithms were selected and evaluated as part of 
this study. The selection covers the most widely used semi-analytical 
and empirical SPM algorithms across coastal and inland waters, 
capturing a wide variety of spectral relationships between reflectance 
and SPM. These algorithms are indicated by the lead author's name and 
the respective publication year: Jorgensen1999 (Jorgensen, 1999), 
Dekker1993 (Dekker, 1993), Nechad2010 (Nechad et al., 2010), Dox
aran2002 (Doxaran et al., 2002), Yu2019 (Yu et al., 2019), Wei2021 
(Wei et al., 2021), Novoa2017 (Novoa et al., 2017), Jiang2021 (Jiang 
et al., 2021), Siswanto2011 (Siswanto et al., 2011), Miller2004 (Miller 
and McKee, 2004), Ondrusek2012 (Ondrusek et al., 2012), Petus2010 
(Petus et al., 2010), Balasubramanian2020 (Balasubramanian et al., 
2020), Zhang2014 (Zhang et al., 2014), Vantrepotte2011 (Vantrepotte 
et al., 2011), Binding2010 (Binding et al., 2010) and BinUstir (Binding 
et al., 2010). In Section A of the Supplementary Materials, we present an 
overview of these 17 SPM algorithms. Some algorithms were imple
mented in multiple band/variant forms (e.g., different wavelengths), 
resulting in 22 model variants in total. The section summarizes their 
distinctive features, methodological approaches, and any noteworthy 

considerations associated with each algorithm. By comparing these al
gorithms, we aim to gain valuable insights into their capabilities and 
potential applications in estimating SPM for different water types.

3.2. Round-Robin assessment

The assessment of the algorithm's performance follows a methodol
ogy that incorporates univariate statistical tests typically employed for 
comparing modelled data with in-situ measurements. The statistics 
involved in the methodology include Pearson correlation coefficient (r), 
Root Mean Square Error (Ψ), Bias (δ), Centre-pattern Root Mean Square 
Error (Δ), Slope (S) and intercept (I) of a Type-2 regression, and Per
centage of possible retrievals (η). The definitions of these statistics can 
be found in Section B of Supplementary Materials. Each metric is eval
uated individually, and a scoring system is employed to determine each 
algorithm (or model) performance. Finally, a procedure of boot
strapping and multi-metric scoring is performed. While this approach 
builds on the methodology outlined in Brewin et al. (2015), a key 
distinction is that we compare against the best model performance 
rather than the mean performance. We use 10,000 bootstrap resamples 
to obtain stable score distributions. More details can be found in Section 
B of Supplementary Materials.

3.3. OWT classification

Building upon the Ocean Colour Climate Change Initiative (OC-CCI) 
and the Lakes Climate Change Initiative (Lakes_cci), Atwood et al. 
(2024) have presented a refined and enhanced method for classifying 
OWTs to accurately identify transition zones between fresh- and salt- 
water provinces. This innovative approach utilizes advanced fuzzy 
clustering methods to generate OWT classes from satellite remote 
sensing products, effectively grouping together spectrally distinct water 
bodies observed over the analyzed space/time period. There are a total 
of 11 OWTs involved in the analysis (Table 2). The 11-class system 
represents the optimal cluster solution achieved following the method 
by Atwood et al. (2024) for transitional waters. Each pixel will be 
assigned 11 membership values, one for each OWT. The dominant OWT 
classification for a given pixel will be determined by selecting the OWT 
with the highest membership value among the 11 assigned values.

To ensure that the OWT assignment is suitable for subsequent algo
rithm selection and membership-weighted blending, we performed a 
brief quality assessment of the fuzzy memberships. Because the OWT 
product provides continuous per-pixel membership vectors across 11 
classes rather than supervised discrete labels, we evaluated OWT reli
ability using (i) membership-structure diagnostics and (ii) physical- 
consistency checks based on the matchup dataset. Membership struc
ture was summarized by the top-3 membership sum S3 = m1 +m2 +m3 
(three largest memberships for each matchup/pixel) and the member
ship difference D = m1 − m2, where small D indicates optically mixed/ 
transitional spectra. Physical consistency was assessed by comparing in- 
situ SPM among dominant OWT classes (Kruskal–Wallis with post-hoc 
tests), supporting that OWT memberships separate optical regimes 
relevant to SPM retrieval. Because transitional/mixed pixels are com
mon, we blend SPM estimates using normalized top-3 memberships to 
improve stability at class boundaries. These diagnostics are provided in 
Supplementary Fig. S1.

3.4. SPM blending

Following Liu et al. (2021), we implemented a fuzzy-membership 
weighted blending procedure based on the OWT membership values 
to generate a continuous SPM product and reduce cross-OWT vari
ability. For each OWT class k ∈ {1,⋯,11}, a single best-performing SPM 
algorithm fk(⋅) was identified from the Round-Robin assessment (Section 
3.2) and recalibrated for that OWT (Section 3.5; Table 3). For a given 
pixel, the OWT classifier provides membership values mk for all 11 
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classes (Section 3.3). We selected the three largest memberships and 
denote their indices by K (top-3 OWTs). For each k ∈ K , an OWT- 
specific SPM estimate (Ĉk) was computed as 

Ĉk = fk(ρw(λ)), (3) 

where ρw(λ) is the MSI water-leaving reflectance at the required bands. 
The final blended SPM estimate was obtained by membership-weighted 
averaging across the top-3 OWTs: 

Ĉ =
∑

k∈K

wkĈk,with ​ wk =
mk

∑
j∈K mj

. (4) 

Here, the weights wk are normalized per pixel such that 
∑

k∈K wk = 1. 
We focused on the top-3 blending strategy because it provided the best 
trade-off between stability and sensitivity in cross-OWT tests, while 
preliminary tests using fewer memberships (top-2) or all memberships 
yielded less consistent performance.

3.5. Algorithm recalibration

To improve the precision of SPM algorithms for each OWT class, we 
performed a recalibration of their coefficients. This recalibration process 
relied on the integration of MSI ρw matchups and in-situ SPM mea
surements. To achieve this, we employed a global optimization routine 
from the SciPy Python package (scipy.optimize). The cost function 
employed for this recalibration is defined as follows: 

Funcost =

⎡

⎢
⎣

1
n
∑n

i=1

⎛

⎝
log

[
CS

spm(i)
]
− log

[
CI

spm(i)
]

log
[
CI

spm(i)
] • WOWT(i)

⎞

⎠

2 ⎤

⎥
⎦

0.5

(5) 

where CS
spm and CI

spm are satellite-derived and in-situ SPM, respectively; 
WOWT(i) is the optimization weight, set to membership mk(i) for recali
bration within OWT k and to 1 for the global (non-OWT-stratified) 
recalibration; and n is the number of matchups. A log-relative formu
lation was chosen because SPM spans ~ two orders of magnitude, 
making relative log-errors more stable than absolute errors.

4. Results

4.1. Round-Robin assessment of optimal algorithms recalibrated for each 
OWT

Prior to implementing the blending process, it is essential to identify 

the optimal algorithm for each OWT. To support this selection, a Round- 
Robin assessment was conducted using Dataset A. This procedure 
involved evaluating the performance of 17 distinct SPM algorithms (22 
SPM models in total), each recalibrated for individual OWTs using Eq. 
(5). Performance scores, ranging from 0 to 1, were assigned based on the 
scoring methodology detailed in Section B of Supplementary Materials.

Fig. 2 illustrates the distribution of performance scores for the 
candidate algorithms applied to OWT7, presented here as a represen
tative example. The scores range from approximately 0.4 to 1.0, with the 
Nechad2010 algorithm at 783 nm achieving the highest score of 1.0. 
Fig. 3 further compares SPM estimates derived from MSI data with in- 
situ SPM concentrations for OWT7, confirming that the Nechad2010 
algorithm at 783 nm provides the most accurate results, with an r2 of ~ 
0.88 and a Ψ of ~ 7.3 g/m3. The close alignment of scatter points along 
the 1:1 line further underscores the robustness of this retrieval.

A second example for OWT9 is presented in Figs. 4 and 5. In this case, 
the Wei2021 and Yu2019 algorithms achieved the highest performance 
scores, each producing Ψ values around 8.3 g/m3. Notably, Wei2021 is 
an updated version of Yu2019 and retains a similar formulation for 
turbid waters; as such, the same set of coefficients was adopted for 
OWT9.

The optimal algorithm selected for each OWT is summarized in 
Table 3. Based on these results and following the blending framework 
described in Section 3.4, the optimal SPM estimates can be generated 
across OWT classes using MSI data in conjunction with the lookup table 
provided in Table 3.

4.2. Comparison of SPM algorithms

4.2.1. Comparison of recalibrated models and blending (Dataset A)
To evaluate the performance of the 17 SPM algorithms (22 models) 

and the proposed blending framework, we conducted a quantitative 
assessment using Dataset A. Each of the 22 SPM models was recalibrated 
using Eq. (5) with data from Dataset A, and the resulting coefficients are 
listed in Table 4. The blending algorithm was also tuned using the same 
dataset (Dataset A), with optimal model selection performed for each 
OWT based on the Round-Robin results described in Section 4.1.

Fig. 6 presents a comprehensive comparison of the retrieval accuracy 
across all models, including the blending approach in this study. The 
results show that several individual algorithms performed well after 
recalibration. For example, the Wei2021 and Yu2019 algorithms yielded 
strong agreement with in-situ SPM concentrations, achieving Ψ values of 
approximately 11.9 g/m3 and r2 values up to 0.79. These models 
effectively captured the general trends in the data, particularly at 
moderate and high SPM concentrations, but challenges remain, partic
ularly in the lower concentration range (SPM < ~3 g/m3), where a 
tendency toward overestimation is still evident.

A similar pattern is observed for the Nechad2010 algorithm at 783 
nm, which achieved a Ψ of 12.9 g/m3 and r2 = 0.82. This behaviour is 
consistent with the design of the 783 nm band-based model, which is 
particularly sensitive to particle backscattering in moderately to highly 
turbid waters but becomes less informative when reflectance approaches 
saturation at very high SPM or falls close to the noise level at very low 
SPM. Some increase in dispersion was observed at both the low (<5 g/ 
m3) and high (>30 g/m3) ends of the SPM range, suggesting reduced 
retrieval consistency under these conditions. Models such as Jorgen
sen1999 (Fig. 6a) and Doxaran2002A/B (Fig. 6h/i) exhibit relatively 
lower accuracy, with higher dispersion and bias.

Several existing SPM retrieval algorithms, such as Jiang2021 
(Fig. 6l) and Novoa2017 (Fig. 6m), incorporate the use of other OWT 
classification to enhance estimation performance. However, in our 
evaluation, these OWT-based methods did not exhibit clear advantages 
over other individual algorithms. Their retrievals were characterized by 
substantial dispersion and relatively modest accuracy.

In contrast, the OWT-based blending algorithm in this study out
performed all other algorithms (Fig. 6w). By integrating the optimal 

Table 3 
Lookup table with optimal SPM algorithms for each OWT.

OWT Optimal 
algorithm

Parameter Wavelength (λ0, 
λ1,.. λn)

Recalibrated 
coefficients

1 Siswanto2011 c0-2 490, 560, 665 1.27, 25.62, − 2.19
2 Nechad2010 Aρ, Cρ 783 1798.7, 0.12
3 Jorgensen1999 m, n 560 14.27, − 4.97
4 Wei2021 c0-3, a0-1, 

b0-2

443, 490, 560, 
665, 740, 865

0.26, 0.27, 1.15, 
0.10, 20.41, 2.16, 
0.48, 1.06, 0.43

5 Siswanto2011 c0-2 490, 560, 665 1.21, 9.78, − 0.80
6 Nechad2010 Aρ, Cρ 783 1542.33, 2.05
7 Nechad2010 Aρ, Cρ 783 1074.83, 2.16
8 Wei2021 c0-3, a0-1, 

b0-2

443, 490, 560, 
665, 740, 865

0.38, 0.01, 4.01, 
0.12, 20.42, 2.21, 
0.52, 1.02, 0.45

9 Wei2021 c0-3, a0-1, 
b0-2

443, 490, 560, 
665,740, 865

0.52, 0.01, 0.56, 
0.16, 20.52, 2.13, 
0.47, 1.03, 0.48

10 Miller2004 c0, c1 665 1512.09, 0.17
11 Wei2021 c0-3, a0-1, 

b0-2

443, 490, 560, 
665, 740, 865

0.41, 0.92, 2.49, 
0.10, 20.50, 2.12, 
0.50, 1.01, 0.46

J. Lin et al.                                                                                                                                                                                                                                       International Journal of Applied Earth Observation and Geoinformation 149 (2026) 105302 

5 



algorithm for each OWT class, the blending framework achieved a 
markedly lower overall error (Ψ = 6.9 g/m3) and the highest r2 value 
(0.88). These results demonstrate that the blending approach not only 
preserves the strengths of the best-performing models but also mitigates 
their weaknesses by adapting to optical variability across water types.

4.2.2. Independent evaluation of SPM models using Dataset B
To further assess the capability of the recalibrated SPM models and 

the blending algorithm, an additional evaluation was conducted using 
Dataset B. This dataset consists of independent samples from the same 
regions as Dataset A, namely, the Elbe and Danube, but was entirely 
excluded from both the recalibration of the individual SPM algorithms 
and the tuning of the blending algorithm. As such, Dataset B provides a 
more robust validation scenario within the same geographic domain, 
allowing performance assessment under spatially and temporally inde
pendent conditions.

Fig. 7 presents the comparison between MSI-derived SPM estimates 
and in-situ measurements for Dataset B. Overall, the results corroborate 
the findings from Dataset A, demonstrating that many of the recalibrated 
models retain good performance when applied to previously unseen data 
from the same regions. For example, the Wei2021 and Nechad2010 
(783 nm) models continue to yield high r2 values (> 0.8) and relatively 
low Ψ values (~10–13 g/m3), indicating stable retrieval behaviour 
across independent samples.

Importantly, the blending algorithm again outperforms individual 
models in this evaluation. It achieves the highest r2 value (0.91) and the 
lowest Ψ (8.2 g/m3), confirming its ability to generalize within the 
calibration domain while maintaining superior accuracy and consis
tency. The close alignment of scatter points with the 1:1 line and 
reduced bias across the SPM range further reinforce the robustness of the 
blending framework.

4.2.3. External validation using Dataset C
To evaluate the spatial transferability of the recalibrated SPM models 

and the blending algorithm, an independent validation was conducted 
using Dataset C, which comprises measurements from the Tagus, Venice, 
Curonian, Black Sea, and Étang de Berre regions. Unlike Datasets A and 
B, Dataset C originates from regions that were entirely excluded from 
both the algorithm recalibration and the blending model tuning process. 

As such, this evaluation provides a stringent test of the algorithms’ 
ability to generalize to previously unseen geographic and optical 
conditions.

Fig. 8 presents the model evaluation results for Dataset C. Across 
most models, a decline in retrieval accuracy is observed compared to 
results from Datasets A and B, reflecting the challenges associated with 
transferring models to new environments. Part of this degradation likely 
reflects regional shifts in the ρw–SPM relationship across the indepen
dent validation sites, potentially associated with differences in particle 
composition and shallow-water/bottom effects (Martin et al., 2025). For 
example, Nechad2010 at 705 nm (Fig. 8d), Wei2021 (Fig. 8j), and 
Yu2019 (Fig. 8k) all exhibit a tendency to underestimate SPM across the 
entire concentration range, with r2 values below 0.55 and a noticeable 
spread of points away from the 1:1 reference line. Several other models, 
including Dekker1993, Zhang2014, Novoa2017, and Ondrusek2012, 
also demonstrate weaker performance, characterized by higher bias and 
lower correlation with in-situ observations. These results highlight the 
challenge of directly transferring algorithms to new regions without 
recalibration, particularly in optically complex waters.

Despite these challenges, the blending algorithm again demonstrates 
superior performance when applied to Dataset C (Fig. 8w). It achieves 
the best overall retrieval accuracy, with the lowest Ψ of 4.6 g/m3 and the 
highest r2 of 0.87. Visual inspection confirms that the scatter points are 
more tightly clustered around the 1:1 line, indicating improved consis
tency across diverse water types.

These results underscore the advantage of the OWT-based blending 
approach in handling optical variability across regions. By dynamically 
adapting to the local water type and applying the most appropriate al
gorithm, the blending framework improves generalizability and 
retrieval robustness, even under previously unseen environmental 
conditions.

4.3. Application to satellite imagery

While the framework was applied across all study regions shown in 
Fig. 1, we present the Danube Delta–Razelm–Sinoe Lagoon Complex and 
the Tagus–Sado system as two representative case studies because they 
exhibit strong nearshore–offshore turbidity gradients and provide suf
ficient multi-year cloud-free Sentinel-2 coverage for demonstrating both 

Fig. 2. Distribution of Round-Robin assessment scores (closer to 1 is top performing) for the 22 recalibrated SPM models, evaluated on the OWT7 subset of Dataset A.
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spatial mapping and temporal variability. Additional SPM and OWT 
maps for the remaining regions (Elbe, Venice, Curonian, Black Sea, and 
Étang de Berre) are provided in Supplementary Figs. S2–S6 using 
identical processing and visualization settings.

An application of the SPM blending method within the Danube Delta- 
Razelm-Sinoe Lagoon Complex coastal area in Romania is depicted in 

Fig. 9. The aquatic environment in this region is characterized by its 
complexity, with SPM concentrations spanning a wide range from ~ 0.1 
to ~ 110 g/m3. Notably, areas closer to the coastline and inland waters 
exhibit a prevalence of turbid pixels, primarily attributed to the influ
ence of riverine inputs and bottom suspension processes (Fig. 9a). These 
areas are characterized by a dominant OWT, distinctly observed within 

Fig. 3. Comparison of in-situ SPM concentrations with MSI-derived estimates across 22 models, using recalibrated coefficients from the OWT7 subset of Dataset A.
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the 7 to 11 range (Fig. 9b). In contrast, offshore waters in this locale 
exhibit remarkable clarity on that date, with SPM levels within the range 
of approximately 0.1 to 1 g/m3. The prevailing OWT in these offshore 
areas tends to fall within the range of 1 to 2. An examination of the 
monthly time series data for SPM concentrations at the designated 
location (marked by a '+' in Fig. 9), as illustrated in Fig. 10a, reveals 
fluctuations ranging from ~ 4 to 20 g/m3, with an average concentra
tion of ~ 11 g/m3. The highest SPM values tend to occur during the 
winter months, while the lowest values are recorded during the summer 
season. These temporal trends align with corresponding variations in the 
dominant OWT, characterized by a peak OWT of 10 in the winter and a 
mix of OWT 5 and 6 during the summer months.

Fig. 11 presents another application within the Tagus region in 
Portugal, showcasing the pronounced influence of two river estuaries on 
the distribution of SPM in the coastal area. As shown in Fig. 11a, inland 
waters heavily impacted by associated river systems of this region can 
exhibit substantially elevated SPM concentrations, peaking at ~ 80 g/ 
m3. However, as one approaches the estuary mouths, the SPM levels 
experience a gradual decline, settling at ~ 4 g/m3, before further 
diminishing to ~ 0.1 g/m3 in the offshore expanses. In Fig. 11b, we gain 
insight into the distribution of OWT within this area. Inland waters 
predominantly exhibit OWT within the range of 7 to 11, while the 
offshore regions are distinctly characterized by a dominant OWT range 
of 1 to 2. Additionally, Fig. 12 also provides insight into the SPM and 
OWT profiles along a transect extending from the Sado estuary mouth to 
the offshore region. Along this transect, we observe a sharp increase in 
SPM concentrations, rising from ~ 3 to ~ 8 g/m3, followed by a gradual 
decline from ~ 8 to ~ 0.3 g/m3 as we move further offshore. Simulta
neously, the OWT undergoes a transition from OWT 8 to OWT 1 across 
this transect. It is noteworthy that a marked OWT transition at latitude 
38.44◦, over a distance of ~ 200 m, shows a shift from OWT 4 to OWT 1. 
Intriguingly, despite this OWT shift, the SPM concentrations remain 
relatively constant.

5. Discussion

5.1. Round-Robin assessment for OWTs

By quantifying scores within each OWT by Round-Robin assessment, 
a key finding is the strong performance alignment between certain al
gorithms and specific OWTs, such as Nechad2010 at 783 nm for OWT7, 
underscoring the necessity of selecting models that match the IOPs of 
each water type. This reflects the fact that the spectral shape and 
magnitude of satellite ρw—and therefore the relative influence of ab
sorption and backscattering—vary strongly among OWTs, making 
certain algorithms inherently more compatible with specific optical re
gimes. The Round-Robin assessment systematically compares algo
rithms across OWTs, ensuring that selection is data-driven rather than 
subjective, which can be a crucial factor in environmental monitoring 
where accurate SPM estimates inform water quality assessments and 
ecosystem management.

Beyond optimizing algorithm selection, the Round-Robin approach 
highlights a fundamental limitation: algorithms calibrated for specific 
conditions often struggle in unfamiliar optical environments, empha
sizing the need for adaptive models. These findings advocate for future 
algorithm development to prioritize flexibility and contextual adapt
ability, ensuring robust performance across diverse aquatic systems.

5.2. Recalibrated model performance and the role of the blending 
framework

The evaluation of 22 recalibrated SPM models and the proposed 
OWT-based blending algorithm across three independent datasets pro
vides key insights into the strengths and limitations of current satellite- 
based SPM retrieval strategies. The results underscore the importance of 
context-specific recalibration and highlight the advantage of adaptive 
multi-model approaches in optically complex waters.

Using Dataset A, which served as the calibration dataset, many in
dividual algorithms performed reasonably well after coefficient tuning, 
particularly under moderate to high SPM concentrations. However, 
systematic biases—such as overestimation at low SPM levels or under
estimation in transitional ranges—were still evident across several 

Fig. 4. Distribution of Round-Robin assessment scores for the 22 recalibrated SPM models, evaluated on the OWT9 subset of Dataset A (same format as Fig. 2).
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models. These patterns indicate that, while recalibration improves 
model alignment with local optical conditions, it does not universally 
resolve the challenges posed by spectral diversity in SPM–ρw 
relationships.

Evaluation using Dataset B, drawn from the same regions as Dataset 

A but withheld from recalibration, confirmed the internal consistency of 
the recalibrated models. Although originating from the same broader 
regions, Dataset B consisted of non-overlapping sampling times and lo
cations, reducing the likelihood of autocorrelation or information 
leakage from the calibration set. Several algorithms retained robust 

Fig. 5. Comparison of in-situ SPM concentrations with MSI-derived estimates across 22 models, using recalibrated coefficients from the OWT9 subset of Dataset A 
(same format as Fig. 3).
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performance, suggesting that spatial and temporal variability within a 
single region may be sufficiently captured by regional tuning. However, 
discrepancies remained in cases where model performance was less 
stable or consistent, revealing limitations in generalizing even within an 
otherwise familiar optical domain.

Dataset C provided the most rigorous test by evaluating performance 
in entirely novel geographic regions excluded from model development. 
Here, the degradation in performance among many recalibrated algo
rithms was pronounced, with increased bias and reduced correlation, 
especially in lower concentration regimes. These declines are consistent 
with well-known shifts in the ρw–SPM relationship arising from differ
ences in sediment mineralogy and bottom influence across regions. 
These results highlight a critical limitation of conventional model 
transfer: algorithms calibrated for one region often fail to generalize 
across regions with distinct inherent optical properties and SPM 
dynamics.

In contrast, the blending algorithm consistently demonstrated su
perior performance across all three datasets. Its strength arises from 
exploiting cross-OWT diversity: rather than relying on a single param
eterization of the ρw–SPM relationship, the blending approach adap
tively selects algorithms whose empirical or semi-analytical structures 
best match the local optical conditions, thereby minimizing systematic 
biases across water types. By dynamically selecting the most suitable 
algorithm for each water type, the OWT-based blending framework 
mitigated the limitations of any single model and provided more stable 
and accurate retrievals across diverse environments. Notably, the 
blending approach maintained high retrieval accuracy not only within 
the calibration domain (Dataset A and B) but also under fully indepen
dent conditions (Dataset C), underscoring its potential as a scalable, 
transferable solution for operational SPM monitoring.

While OWT-based approaches have been explored for water-quality 
variables such as chlorophyll-a (Liu et al., 2021; Neil et al., 2019), sys
tematic per-OWT recalibration and comparative evaluation of a large 
suite of SPM algorithms has received far less attention, particularly 
when using satellite-derived OWTs. Importantly, our approach lever
ages satellite-derived water type classification, enabling fully remote 
and adaptive algorithm integration. These findings reinforce the need 
for regionally flexible, multi-model strategies in aquatic remote sensing, 
particularly for variables like SPM that are governed by complex and 
spatially variable biogeochemical processes.

5.3. Sources of uncertainty and OWT-dependent error characteristics

5.3.1. Atmospheric correction (AC) uncertainty
Uncertainty in MSI water reflectance (ρw) remains a key error source 

for SPM retrieval in transitional waters, where adjacency effects, thin 
cloud/haze, sun glint, and spatially variable aerosols can bias both the 
magnitude and spectral shape of ρw. Because many SPM algorithms 
apply nonlinear transforms and/or band ratios, small residual reflec
tance errors can propagate into systematic SPM bias, particularly at low 
SPM where water-leaving signals approach the noise floor. In this study, 
we mitigate AC-related artifacts by blending POLYMER and ACOLITE 
outputs under CERTO-style pixel-level quality screening; nevertheless, 
residual AC uncertainty likely contributes to scene-to-scene variability 
and to dispersion in the lowest SPM regime.

5.3.2. OWT classification uncertainty and transitional pixels
The OWT product provides fuzzy memberships rather than hard la

bels, and classification ambiguity is expected at water-mass boundaries 
(e.g., plume edges). Pixels with low membership difference D = m1 − m2 
(top-1 minus top-2 membership) represent transitional spectra where 
multiple OWTs are similarly plausible. In such cases, reliance on a single 
dominant class can introduce instability in per-pixel algorithm assign
ment and increase retrieval uncertainty. This directly motivates our top- 
3 membership blending strategy, which reduces sensitivity to boundary 
effects by allowing multiple optically plausible OWTs to contribute to 
the final estimate. Consistent with this rationale, the membership- 
structure diagnostics show that the top-3 memberships capture most 
of the membership mass (high S3; Supplementary Fig. S1a), supporting 
the use of normalized top-3 membership blending. Moreover, the OWT- 
stratified validation metrics (Supplementary Fig. S7) demonstrate that 
retrieval errors and bias patterns vary substantially across OWTs, sup
porting the need for a fuzzy blending approach in optically heteroge
neous waters.

5.3.3. Algorithm structural limitations
Even after recalibration, individual algorithms retain intrinsic 

structural constraints. NIR-based formulations can lose sensitivity in 
clear waters (signal-to-noise limitation) and may saturate at very high 
turbidity, while empirical band-ratio approaches can be sensitive to 
region-specific particle composition and bottom influence. These 
structural limitations explain why no single algorithm performs 
consistently across all OWTs, and why per-OWT selection combined 

Table 4 
Original and recalibrated coefficients of the SPM algorithms selected in this study.

Algorithm Parameter Wavelength (λ0, λ1,.. λn) Original coefficients Recalibrated coefficients

Jorgensen1999 m, n 560 269, 0.09 4.07, 0.001
Dekker1993 m, n 705 331, 2.69 1098.8, 0.15
Nechad2010 Aρ, Cρ 665 41.6, 0.19 253.7, 37.2

705 77.0, 0.21 359.6, 46.4
740 326.1, 0.12 1069.3, 198.8
783 237.1, 0.15 875.5, 361.5
865 488.6, 0.22 1449.6, 508.5

Doxaran2002A m0, m1 865, 560 0.32, 0.96 33.8, 63.7
Doxaran2002B n0, n1 865, 665 0.19, 0.48 1.42, 2.59
Yu2019 c0-3, a0-1 490, 560, 665, 740, 865 0.04, 1.17, 0.4, 14.86, 20.43, 2.15 0.15, 0.37, 4.58, 0.01, 20.51, 2.16
Wei2021 c0-3, a0-1, b0-2 443, 490, 560, 665,740, 865 0.04, 1.17, 0.4, 14.86, 20.43, 2.15, 0.52, 0.93, 0.43 0.15, 0.37, 4.58, 0.01, 20.31, 2.12, 0.49, 1.03, 0.49
Novoa2017 g0, r0, n0, n1 560, 665, 865 96.6, 575.8, 32110, 2204 76.9, 247.6, 596.7, 352.1
Jiang2021 c0-3 560, 665, 740, 865 94.6, 114.0, 137.7, 166.2 54.1, 58.8, 41.1, 47.1
Siswanto2011 c0-2 490, 560, 665 0.65, 25.62, − 0.65 1.21, 30.16, − 1.68
Miller2004 c0, c1 665 1140.25, 1.91 1800.41, 2.67
Ondrusek2012 c0-2 665 3.88, − 13.8, 19.61 0.06, 1.24, 3.46
Petus2010 c0-2 665 12450, 666.1, 0.48 38873, 643.8, 0.76
Balasubramanian2020 − − − −

Zhang2014 c0, c1 705 362507, 2.32 110267, 1.97
Vantrepotte2011 Aρ, Cρ 665 1.092, 0.142 0.01, 0.17
Binding2010 b*

SPM ,bb/b 740 0.554, 0.019 0.553, 0.033
BinUstir b*

SPM ,bb/b 740 0.664, 0.019 0.712, 0.018
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Fig. 6. Model performance on the calibration dataset (Dataset A). Scatterplots show MSI-derived SPM estimates versus in-situ observations for 22 recalibrated SPM 
models and the OWT-based blending algorithm (panel w), all evaluated on Dataset A. This dataset was used for both coefficient recalibration and blending opti
mization. Several models demonstrate good agreement with in-situ data, while the blending approach achieves the highest accuracy across the full range of opti
cal conditions.
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Fig. 7. Independent validation within the recalibration domain using Dataset B, which is an independent subset from the Elbe and Danube regions not used in model 
recalibration and tuning. Most models retain stable performance, while the blending algorithm shows improved consistency and lowest error, confirming its 
robustness within known regional conditions.
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Fig. 8. External validation in new regions using Dataset C, which includes measurements from Tagus, Venice, Curonian, Black Sea, and Étang de Berre regions 
entirely excluded from recalibration. This evaluation highlights the challenge of model transferability. While individual models show increased scatter and un
derestimation, the blending algorithm maintains strong performance, demonstrating its adaptability to diverse optical environments.
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with membership-weighted blending reduces cross-type performance 
variability.

5.3.4. Representativeness of calibration samples
Uncertainty also arises from the representativeness of the calibration 

matchups within each OWT. Because OWT classes can differ in their 
covered SPM ranges, spatial/temporal sampling, and underlying optical 
conditions, the per-OWT recalibrated coefficients may not be equally 
transferable when applied to independent regions or seasons. This 
behaviour is reflected in the OWT-stratified validation results (Supple
mentary Fig. S7), which show substantial variability in error magnitude 
(Ψ), explained variance (r2), and bias (δ) among OWTs. These inter-class 
differences indicate that some optical regimes are more challenging to 
parameterize robustly than others under the available matchup 
coverage, and they motivate future efforts to broaden matchup diver
sity—particularly for under-represented optical regimes and extreme 
conditions—to further improve the stability of per-OWT recalibration 
and the robustness of the blended product. Consequently, improving 
matchup representativeness is expected to primarily reduce inter-OWT 
performance variability and further enhance the transferability of the 
OWT-guided blending framework.

5.4. Applications of the blending method in coastal monitoring

In the Danube coastal area, the method effectively identified gradi
ents from turbid riverine inputs to clearer offshore waters (Fig. 9). This 
level of precision is critical for identifying areas prone to pollution or 
eutrophication, facilitating targeted environmental interventions. 
Furthermore, temporal analysis (Fig. 10) revealed seasonal fluctuations 
in SPM concentrations, such as increased turbidity in winter, providing 
insights into ecosystem dynamics and the impacts of seasonal changes 
on water quality. Similarly, in the Tagus-Sado region, the method suc
cessfully mapped estuarine plumes and their influence on coastal SPM 
distribution (Fig. 11). Its ability to resolve sharp gradients in SPM con
centrations and OWTs underscores its suitability for monitoring land-sea 
interactions, where dynamic water properties create complex patterns. 
Such precision is particularly valuable for managing biodiversity-rich 
estuarine ecosystems, which are highly sensitive to anthropogenic 
pressures.

These findings underscore the broader applicability of the blending 
method in coastal monitoring. By providing high-resolution SPM esti
mates, it can enhance assessments of sediment transport, water quality, 
and habitat management. Given its success in two optically distinct 
transitional systems, the method shows clear potential for broader 
regional application, though global implementation will require further 
validation across a wider range of optical regimes.

5.5. Geographical and optical scope of applicability

The proposed framework is calibrated and evaluated using matchup 
data from seven European transitional/coastal regions (Elbe, Danube, 
Tagus, Venice, Curonian, Black Sea, and Étang de Berre), representing a 
broad SPM range but not necessarily the full diversity of optical condi
tions encountered globally. As such, the reported performance and the 
per-OWT optimal algorithm selections are expected to be most appli
cable to temperate transitional/coastal waters with optical regimes 
comparable to those represented in our dataset. Optical environments 
that are under-represented here—such as extremely turbid river plumes, 
tropical waters with different particulate composition, or strongly 
CDOM-dominated waters—may exhibit different ρw–SPM relationships 
and different distributions of OWT memberships, which could affect the 
membership structure and algorithm performance. While the OWT- 
guided recalibration and membership-weighted blending framework is 
generic, global application would require additional validation and, 
where necessary, retraining: (i) updating or extending the OWT defini
tions to better represent region-specific optical regimes, and/or (ii) 
recalibrating per-OWT algorithm coefficients using representative 
matchups from those regions. We therefore position the current work as 
a scalable framework whose robustness can be progressively improved 
through incorporation of additional geographically and optically diverse 
datasets.

5.6. Future research directions

An immediate next step for future research is the global validation of 
the blending method. While the approach has demonstrated robustness 
within the studied datasets, its applicability across a broader spectrum of 
water types remains untested. Systematic validation in diverse aquatic 
settings would refine its adaptability and contribute to the development 
of a universally applicable SPM estimation model. Future work could 
also explore whether the OWT definitions themselves should evolve 
with seasonal or long-term optical changes, rather than remaining fixed.

Building on this, future work should also examine the temporal dy
namics of blending model performance. Seasonal shifts, episodic hy
drological events, and changes in particulate composition can all 
influence water optical properties and thus algorithm suitability. 
Investigating the stability and adaptability of the blending framework 
under these conditions would provide insight into its long-term 

Fig. 9. Application of the SPM blending method to MSI images of the Danube 
coastal region on March 23, 2022: (a) SPM concentration distribution and (b) 
OWT classification. The black ‘+’ indicates the location used for the analysis 
shown in Fig. 10.
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operational potential.
Finally, multi-sensor integration represents a promising direction for 

further enhancing the accuracy and spatial–temporal coverage of SPM 

retrievals. Incorporating sensors with higher spectral and spatial reso
lution could improve precision and provide a more detailed represen
tation of dynamic aquatic environments, particularly in regions with 
complex optical properties. A multi-sensor framework would enable a 
more comprehensive characterization of SPM variability, improving 
model reliability across diverse water conditions. Integrating machine- 
learning architectures with OWT-based physical constraints may 
further enhance robustness while preserving interpretability.

6. Conclusion

In this study, we conducted an extensive evaluation of 17 SPM al
gorithms, utilizing an independent matchup of satellite-derived ρw and 
in-situ SPM measurements. Our findings showed that, even after careful 
recalibration using the matchup dataset, the performance of individual 
algorithms remained limited. In response to these limitations, we 
employed an OWT-based SPM blending methodology, designed to 
enhance the accuracy of SPM estimation by selecting the most appro
priate SPM algorithm for each specific OWT. This selection process was 
carried out using a rigorous Round-Robin assessment approach. As a 
result, the overall SPM retrievals showed substantial improvement, with 
Ψ errors from 4.6 to 8.2 g/m3 and r2 values from 0.87 to 0.91. To 
demonstrate the effectiveness of this innovative blending approach, we 
applied it to MSI images captured in complex coastal waters, enabling us 
to unveil the spatial and temporal variability of SPM. The blending 
framework provides a robust and scalable approach for both environ
mental monitoring and climate-related applications, greatly enhancing 
our capabilities in these domains.
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