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A B S T R A C T

Retrieval of suspended particulate matter concentration (SPM) from remote-sensing reflectance (Rrs) is useful for 
frequent and widespread monitoring of water quality. However, Rrs values vary not only with SPM but also with 
particle composition (organic-dominated or mineral-dominated) and colored dissolved organic matter (CDOM), 
making it difficult to accurately estimate SPM in diverse aquatic environments using a single algorithm. In this 
study, two water type classification schemes: optical water type classification scheme and particle composition 
classification scheme, were integrated into a semi-analytical method to improve the accuracy of SPM estimation 
in various water bodies. By combining these two classification schemes, we classified water bodies around the 
world into 12 water types and developed an SPM estimation algorithm for each water type. Using 4,513 in situ 
Rrs-SPM measurements, the performance of the new SPM estimation algorithm was compared to that of 11 
existing SPM estimation algorithms, and the results show that the median absolute percentage error (MdAPE) 
was reduced from 51.3 to 58.9% to 43.2%. The performance of the proposed method was also evaluated using 
226 satellite matchups, with an MdAPE of 43.4%. Further comparative analysis and showcases based on several 
satellite images demonstrate that the two water type classification schemes play different roles that can effec
tively enhance the accuracy of SPM estimation.

1. Introduction

Suspended particulate matter (SPM) significantly contributes to 
biogeochemical cycling of materials in aquatic environments due to its 
widespread presence, mobility, and effects on water quality, ecosystem 
productivity, and carbon sequestration (Eisma, 1993; Beusen et al., 
2005; Torregroza-Espinosa et al., 2020; Szeligowska et al., 2024). 
Therefore, knowing the distribution of SPM around the world is essential 
to understand earth system processes and address challenges related to 
water resources, ecosystems, and human health (Huynh et al., 2024; Liu 
et al., 2024).

The use of satellite remote sensing allows for efficient and regular 
observation of SPM in aquatic environments worldwide. The concen
tration of SPM represents the sum of the two optically active substances 
(OASs, i.e., phytoplankton and non-algal particles) and can be estimated 
from remote sensing reflectance (Rrs) or water-leaving reflectance (ρw) 

using estimation algorithms (e.g., Nechad et al., 2010; Siswanto et al., 
2011; Novoa et al., 2017). In general, there are two types of SPM esti
mation algorithms: empirical and semi-analytical. The former (including 
machine learning approaches) is highly dependent on the training data 
used in algorithm development and therefore often has limited appli
cability. In contrast, the latter does not require frequent recalibration 
and has good applicability, as the empirical relationships it contains are 
only of secondary importance in SPM estimation (Jiang et al., 2021, 
2023). Thus, semi-analytical algorithms can potentially become globally 
applicable algorithms.

However, empirical and semi-analytical algorithms both encounter 
two major issues when applied to water bodies with a wide range of SPM 
concentrations. First, Rrs saturate in waters with high SPM concentra
tions at shorter wavelengths (e.g., green and red bands), so Rrs at longer 
wavelengths (e.g., near-infrared bands) must be used to estimate SPM in 
such waters (Doxaran et al., 2009). To address this challenge, many 

* Corresponding author.
E-mail address: matsushita.bunkei.gn@u.tsukuba.ac.jp (B. Matsushita). 

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.2025.104909
Received 14 July 2025; Received in revised form 1 October 2025; Accepted 12 October 2025  

International Journal of Applied Earth Observation and Geoinformation 144 (2025) 104909 

Available online 16 October 2025 
1569-8432/© 2025 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/0000-0001-5676-5860
https://orcid.org/0000-0001-5676-5860
mailto:matsushita.bunkei.gn@u.tsukuba.ac.jp
www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2025.104909
https://doi.org/10.1016/j.jag.2025.104909
http://creativecommons.org/licenses/by/4.0/


studies have developed multiple SPM estimation algorithms along with 
optical water type (OWT) classification schemes to accommodate 
different water bodies (Gernez et al., 2017; Jiang et al., 2021; Stramski 
et al., 2023). For example, Novoa et al. (2017) used an OWT-based water 
type classification scheme (i.e., based on the magnitude of Rrs at 665 
nm) to classify water bodies into five OWTs and developed five corre
sponding algorithms to estimate SPM concentrations from low to high 
using the green, red, near-infrared (NIR) bands, or a combination of 
thereof, respectively. Second, due to differences in refractive indices 
between organic- and mineral-dominated waters (Aas, 1996) and the 
variations in particle size, shape, and density in natural environments 
(Babin et al., 2003; Shi & Wang, 2019), the Rrs of a water body is not 
determined solely by the OAS concentration in the water body. Teng 
et al. (2025) clearly show that the same SPM concentration corresponds 
to different Rrs in both spectral shape and magnitude. This challenge also 
makes it difficult to estimate OAS concentrations (e.g., SPM concen
trations) using a single estimation algorithm. Therefore, Teng et al. 
(2025) established a water type classification scheme that relies on the 
particle composition (PC) of water bodies (hereafter referred to as the 
PC-based water type classification scheme), classified water bodies into 
three categories (organic-rich, mineral-rich, and extremely mineral- 
rich), and developed three PC-specific algorithms to estimate the SPM 
concentrations in each category. So far, it is unclear whether combining 
the two water type classification schemes can simultaneously address 
the two challenges mentioned above.

Recently, Jiang et al. (2021) proposed a semi-analytical algorithm to 
estimate SPM concentrations in different water bodies. They first pro
posed an OWT classification approach based on water turbidity, in 
which water bodies were divided into four types: clear, moderate 
turbidity, high turbidity, and extreme turbidity. Then, an appropriate 
reference wavelength (λ0) was selected and the original quasi-analytical 
algorithm (QAA-v5, Lee et al., 2002) or its modified version (Yang et al., 
2013; IOCCG, 2014) was applied to estimate the particulate backscat
tering coefficient (bbp(λ0)) for each water type. Finally, the obtained 
bbp(λ0) values were converted to SPM concentrations for each water type 
using fixed mass-specific particulate backscattering coefficient (b*

bp(λ0)) 
values based on the assumption that the bbp(λ0) values depend only on 
the SPM concentration. However, this assumption does not necessarily 
hold true, as natural waters typically exhibit a variety of particle com
positions (Woźniak et al., 2010; Stramski et al., 2023). Therefore, it is 
believed that the particle composition of a water body can have a sig
nificant effect on the b*

bp(λ0) value of the water body, and the PC-based 
water type classification scheme has the potential to help select more 
appropriate b*

bp(λ0) values for water bodies with different particle 
compositions.

Consequently, the primary goal of this study is to establish a semi- 
analytical algorithm capable of estimating SPM concentrations in 
devise water environments where both turbidity and particle composi
tion vary. Specifically, we aim to: (1) propose a new water type classi
fication algorithm that can account for changes in both turbidity and 
particle composition of a water body; (2) develop a series of sub- 
algorithms to estimate more accurate SPM concentrations for each 
water type defined in this study; (3) evaluate the performance of the new 
algorithm using a comprehensive in situ dataset and satellite matchups.

2. Data used

2.1. In-situ datasets

To evaluate the performance of the developed algorithm, a 
comprehensive in-situ dataset was collected from the Global Reflectance 
community dataset for Imaging and optical sensing of Aquatic envi
ronments (GLORIA, Lehmann et al., 2023). The GLORIA dataset con
tains 7,572 Rrs measurements, but only 4,621 Rrs spectra have 
corresponding SPM data. Of the 4,621 Rrs spectra, 108 Rrs spectra were 
removed due to missing required wavelengths or estimated negative bbp 
values when using the Jiang et al. (2021) method. Consequently, a total 
of 4,513 Rrs-SPM observations were preserved for further analysis. 
Furthermore, the method developed by Jiang et al. (2020) were applied 
to remove residual reflective skylights from all remaining Rrs spectra. 
Finally, the Rrs spectra were transformed into the 13 MERIS (Medium 
Resolution Imaging Spectrometer) spectral bands (413, 443, 490, 510, 

Fig. 1. Distribution map of water bodies (Yellow dots). The basemap source from Esri, Maxar, Earthstar Geographics, and the GIS User Community.

Fig. 2. Histogram of SPM concentration distribution for the final in situ dataset 
(N = 4,513).
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560, 620, 665, 681, 709, 754, 761, 779, and 865 nm) using MERIS 
spectral response function.

Fig. 1 shows the distribution map of the water bodies from which the 
data used in this study were collected. The 4,513 Rrs-SPM data pairs 
were collected from 394 water bodies globally, including 146 in North 
America, 110 in Europe, 98 in Oceania, 21 in Asia, six in Africa, and four 
in South America. SPM values range from 0.09 g/m3 to 2626.82 g/m3, 
with half of them below 10 g/m3 (median = 9.7 g/m3, Fig. 2).

2.2. Satellite datasets

The developed algorithm was also evaluated using real satellite data. 
For this purpose, two matchup datasets were collected. The first dataset 
was compiled from the GLORIA dataset (Lehmann et al., 2023) and the 
corresponding MERIS Level 1B data (https://oceancolor.gsfc.nasa. 
gov/). The second dataset was obtained from Jiang et al. (2021) with 
MERIS and Sentinel-3 Ocean and Land Colour Instrument (OLCI) Level 1 
data (https://merisfrs-merci-ds.eo.esa.int). Atmospheric correction was 
performed to all MERIS and OLCI Level 1 data to obtain Rrs by ourselves 
using the Case 2 Regional Coast Colour (C2RCC) processor (Brockmann 
et al., 2016) in SNAP version 9.0.0.

To collect valid matchups, we applied the following criteria to the 

two datasets: (1) no contamination by clouds or cloud shadows; (2) the 
time between satellite image acquisition and in-situ measurement is 
within ± 3 h; (3) there are five or more valid pixels within a 3 × 3 box, 
and the coefficient of variation (CV) of these valid pixels does not exceed 
0.3 (Bailey and Werdell, 2006; Harding et al., 2005).

Finally, the first dataset contains 47 matchups, and the second 
dataset contains 179 matchups taken from 10 lakes between 2004 and 
2020. Overall, a total of 226 matchups were used to evaluate the 
developed algorithm (see Table 1 for details).

3. 3.Methods

3.1. Development of a semi-analytical algorithm for estimating SPM in 
various aquatic environments

For any water body, SPM can be analytically calculated by the 
following formula: 

SPM = bbp(λ0)/b*
bp(λ0) (1) 

where bbp(λ0) and b*
bp(λ0) are the particulate backscattering coeffi

cient and the mass-specific particulate backscattering coefficient, 
respectively. λ0 is the reference wavelength selected according to the 
OWT-based classification approach (Jiang et al., 2021, also see Section 
3.1.1).

3.1.1. Semi-analytical estimation of bbp(λ0) based on optical water type 
(OWT) classification

The OWT-based water type classification method proposed by Jiang 
et al. (2021) was adopted in this study to enable semi-analytically 
estimation of bbp(λ0) across diverse water bodies. This method consists 
of three main steps (Table 2). In step 1, the world’s waters are classified 
into four OWTs according to their turbidity levels. This OWT classifi
cation scheme is used to determine the most appropriate reference 
wavelength (λ0) that meets the fundamental requirements of the QAA 
corresponding to each OWT. Specifically, QAA-v5 (Lee et al., 2002, λ0 =

560) is used for clear waters, QAA-v6 (IOCCG, 2014, λ0 = 665) for 
moderately turbid waters, QAA-Turbid (Yang et al., 2013, λ0 = 754) for 
highly turbid waters, and QAA-Turbid (Jiang et al., 2021, λ0 = 865) is 
used for extremely turbid waters.

In step 2, the corresponding empirical equations are used to estimate 
the non-water absorption coefficient (anw(λ0)) and then the total ab
sorption coefficient (a(λ0)). Finally, in step 3, the bbp(λ0) for each OWT 
can be obtained.

3.1.2. Selection of appropriate b*
bp(λ0) based on particle composition (PC) 

classification
Unlike bbp(λ0), there is no effective method yet to estimate b*

bp(λ0)

Table 1 
Summary of the satellite matchups used to validate the SPM estimation algo
rithm developed in this study.

Matchup 
dataset

Site name(Number of 
matchups)

Image date(Number of 
scenes)

Sensor

GLORIA English Channel (13) 2009/6/16–2010/07/ 
06 (8)

MERIS

Gulf of Tonkin (6) 2011/11/10–2011/ 
11/15 (3)

Lake Kasumigaura (21) 2006/02/18–2010/ 
05/18 (3)

Iznájar (4) 2007/07/04 (1)
Atlantic Ocean (1) 2009/06/01, 2010/ 

06/13 (2)
Rosarito (2) 2007/07/13 (1)

Jiang21 Akan (2) 2019/08/27 (1) OLCI
Green Bay (4) 2019/06/06, 2019/ 

07/24 (2)
Poygan (5) 2018/08/23, 2018/ 

09/11 (2)
Winnebago (6) 2016/09/20 (1)
Lac Vieux Desert (3) 2016/06/28 (1)
Winneconne (4) 2019/09/11 (1)
Lake Kasumigaura (85) 2004/07/07–2020/ 

03/11 (16)
MERIS, 
OLCI

Suwa (69) 2006/06/06–2020/ 
06/17 (57)

Taihu (1) 2007/01/07 (1) MERIS

Table 2 
An OWT-based algorithm for estimating bbp(λ0) across diverse water bodies (Jiang et al., 2021).

Step0 
rrs(λ0) = Rrs(λ0)/(0.52+ 1.7Rrs(λ0))

u(λ0) =
− g0 +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
g0
)2

+ 4g1*rrs(λ0)

√

2g1
,where g0 = 0.089 and g1 = 0.1245

Step1

Optical water type classification

Clear water 
(λ0 = 560nm, , QAA-v5)

Moderately turbid water  

(λ0 = 665nm, QAA-v6)

Highly turbid water 
(λ0 = 754nm, QAA- 
Turbid)

Extremely turbid water 
(λ0 = 865nm, QAA- 
Turbid)

Step2

anw(560) = 10− 1.146− 1.366X− 0.469X2 X =

log(
rrs(443) + rrs(490)

rrs(λ0) + 5
rrs(665)
rrs(490)

rrs(665)
)

anw(665) =

0.39(
Rrs(λ0)

Rrs(443) + Rrs(490)
)
1.14

anw(754) = 0 anw(865) = 0

a(λ0) = anw(λ0) + aw(λ0)

Step3
bbp(λ0) =

u(λ0) × a(λ0)

1 − u(λ0)
− bbw(λ0)
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from Rrs. On the other hand, previous studies have reported that the 
value of b*

bp is strongly correlated with particle composition (Babin et al., 
2003; Woźniak et al., 2010). For example, organic-dominated waters 
generally have low mass-specific particulate scattering coefficient (b*

p) 
values, mineral-dominated waters have high values, and mixed waters 
have intermediate b*

p values (Woźniak et al., 2010, b*
bp is usually pro

portional to b*
p). Therefore, the use of dynamic b*

bp(λ0) values instead of 
fixed b*

bp(λ0) values may improve the accuracy of SPM estimation in 
global waters. Specifically, in this study, we propose to apply the lower 
quartile, median, and upper quartile values of b*

bp(λ0) presented in Jiang 
et al. (2021) to organic-dominated, mixed, and mineral-dominated 
waters, respectively (the values are shown in Fig. 3 and the associated 
descriptions are given in Supplementary Table S2).

The ratio of particulate organic carbon (POC) to SPM (POC/SPM), 
which can be empirically estimated from Rrs, has been used to identify 
the particle composition of water bodies. For example, Stramski et al. 
(2023) proposed an empirical equation to estimate the POC/SPM ratio 
from Rrs based on data collected from the western Arctic Ocean. This 
equation was recently modified by Teng et al. (2025) using data 
collected from a larger number of water bodies. Therefore, in this study, 
the updated formula recommended by Teng et al. (2025) was adopted to 
estimate the POC/SPM ratio: 

POC
SPM

= 10(− 0.973RG − 3.323) (2) 

RG = log(Rrs(560))

Meanwhile, Woźniak et al. (2010) proposed two thresholds of POC/ 
SPM ratio (0.06 and 0.25) to classify water bodies into organic- 
dominated (POC/SPM ≥ 0.25), mixed (0.06 < POC/SPM < 0.25), and 
mineral-dominated (POC/SPM ≤ 0.06) waters. These two thresholds 

were subsequently modified by Stramski et al. (2023) (i.e., 0.12 and 
0.28) to divide the Arctic Ocean into three similar categories. Recently, 
Teng et al. (2025) pointed out that the organic-dominated and mixed 
categories of Stramski et al. (2023) showed similar mean Rrs spectral 
shapes and should be merged into the same organic-rich category (POC/ 
SPM ≥ 0.12). Consequently, in this study, we propose a new particle 
composition (PC) classification scheme by combining the thresholds 
recommended in the above three studies. That is, POC/SPM ≥ 0.12 for 
organic-dominated waters, 0.06 < POC/SPM < 0.12 for mixed waters, 
and POC/SPM ≤ 0.06 for mineral-dominated waters.

3.1.3. Specific SPM estimation algorithm based on two water type 
classification schemes

Using the above two water type classification schemes (OWT and 
PC), water bodies around the world can be classified into 12 water types: 
(1) organic-dominated and clear waters (O-Clear), (2) organic- 
dominated and moderately turbid waters (O-M-turbid), (3) organic- 
dominated and highly turbid waters (O–H-turbid), (4) organic- 
dominated and extremely turbid waters (O-E-turbid), (5) mixed and 
clear waters (M-Clear), (6) mixed and moderately turbid waters (M-M- 
turbid), (7) mixed and highly turbid waters (M-H-turbid), (8) mixed and 
extremely turbid waters (M-E-turbid), (9) mineral-dominated and clear 
waters (Mi-Clear), (10) mineral-dominated and moderately turbid wa
ters (Mi-M-turbid), (11) mineral-dominated and highly turbid waters 
(Mi-H-turbid), and (12) mineral-dominated and extremely turbid waters 
(Mi-E-turbid). Accordingly, we developed 12 water type specific SPM 
estimation algorithms (Fig. 3). For example, if a water pixel is classified 
as O–H-turbid water type, the third SPM estimation formula in Fig. 3 is 
selected (intersection of the red and green boxes in Fig. 3).

3.2. Accuracy assessment

To evaluate the agreement between estimated SPM(ýi) and measured 

Fig. 3. Flowchart illustrates the SPM estimation algorithm developed in this study. The OWT-based water type classification scheme is used to identify the 
appropriate λ0 and estimate bbp(λ0) using the corresponding QAA. The particle composition classification scheme is used to select the appropriate b*

bp(λ0).
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Fig. 4. Rrs spectra of the 12 water types identified in this study. Rows indicate different optical water types, and the columns represent each particle composition 
type. a)–l) show the individual Rrs spectra (light lines), the mean Rrs spectrum (red line). m) summarizes the mean Rrs spectra across all types. See Section 3.1.3 for 
abbreviations for each water type.
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values SPM(yi), three widely used metrics were employed: the root mean 
square error (RMSE), median absolute percentage error (MdAPE), and 
Bias. These metrics are calculated as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(log(yʹ

i) − log(yi))
2

√

(3) 

MdAPE = median
⃒
⃒
⃒
⃒
y’

i − yi

yi

⃒
⃒
⃒
⃒× 100% (4) 

Bias =
1
N
∑N

i=1

(
log(yʹ

i
)
− log(yi)) (5) 

where N is the total amount of data. Additionally, the coefficient of 
determination (R2) and Slope are also calculated after logarithmic 
transformation. Model II regression was applied to estimate the fitted 
line and slope.

4. Results

4.1. Water type classification

Fig. 4 shows the classification results based on the two water type 
classification schemes (OWT and PC). Of the 12 defined water types, 10 
were found in the GRORIA Rrs (N = 4,513) dataset used in this study, 
except for O-E-turbid and M-E-turbid waters. Of 10 detected water types, 
Mi-H-turbid waters account for the largest proportion (46 %, N =
2,056), followed by Mi-M-turbid waters (19 %, N = 849), M-H-turbid 
waters (9 %, N = 422), O–H-turbid waters (7 %, N = 314), M-M-turbid 
waters (6 %, N = 253), O-M-turbid waters (4 %, N = 174), O-Clear 
waters (3 %, N = 150), Mi-E-turbid waters (2 %, N = 107), M-Clear 
waters (2 %, N = 106), and Mi-Clear waters (2 %, N = 82). From the 
figure, we can see that Rrs belonging to the same OWT may have 
different particle compositions (see figures in the same row) and that Rrs 
with similar particle compositions may be classified into different OWTs 
(see figures in the same column). In general, the Rrs spectral shape varies 
depending on the OWT classification, whereas the magnitude of Rrs 
strongly depends on the PC classification (mineral-dominated > mixed 
> organic-dominated, Fig. 4m).

Fig. 5 shows the statistical results of SPM distribution for each water 
type. It shows that several water types with different OWT as well as 

different PC can have similar SPM values. This result indicates that it is 
difficult to select the optimal SPM estimation algorithm based on only 
one water type classification scheme (OWT or PC). In other words, 
combining the two water type classification schemes could improve the 
accuracy of SPM estimation.

4.2. Performance evaluation of the newly developed semi-analytical 
algorithm using in situ data

Fig. 6 shows a comparison of the estimated SPM concentrations using 
different algorithms with the in situ measured SPM concentrations (N =
4,513). These algorithms include three empirical algorithms that use 
only a single equation (Nechad et al., 2010; Siswanto et al., 2011; 
Woźniak et al., 2016; hereafter referred to as Nechad10, Siswanto11, 
and Woźniak16, respectively), five empirical algorithms using multiple 
equations based on different OWT classification (Han et al, 2016; Gernez 
et al., 2017; Novoa et al., 2017; Stramski et al., 2023; hereafter referred 
to as Han16, Han16-NIR, Gernez17, Novoa17, and Stramski23, respec
tively), one algorithm that combines semi-analytical, machine learning 
and empirical approaches (Balasubramanian et al., 2020; hereafter 
referred to as SOLID or Bala20), one empirical algorithm using multiple 
equations based on PC classification (Teng et al., 2025; hereafter 
referred to as Teng25), one semi-analytical algorithm using multiple 
equations based on OWT classification (Jiang et al., 2021; hereafter 
referred to as Jiang21), and the new semi-analytical algorithm devel
oped in this study (Supplementary Table S1).

It is not surprising that empirical algorithms using a single equation 
have difficulty dealing with SPM estimation over a wide range 
(Figs. 6a–6c). Nechad10 shows a large overestimation at low SPM con
centrations, while Woźniak16 shows a large underestimation at high 
SPM concentrations. Siswanto11 also has lower estimation accuracy at 
both low and high SPM concentrations. This issue can be mitigated by 
switching between multiple equations based on water type classification 
(Fig. 6e, Figs. 6g–6j). For example, compared with Nechad10 (Fig. 6a), 
Han16-NIR (Fig. 6i) significantly improved the SPM estimation accuracy 
at both low and high SPM concentrations by selecting a more appro
priate equation for each OWT (Type I: Rrs(665) ≤ 0.03; Type II: Rrs(665) 
≥ 0.04; Type III: 0.03 < Rrs(665) < 0.04). With the help of PC classifi
cation, Teng25 also shows no obvious over or underestimation across 
the entire SPM range (Fig. 6j).

However, the typical limitation of empirical algorithms, namely that 
their performance is highly dependent on the calibration data used, 
remains unresolved even when the multiple equations are applied. 
Gernez17 and Novoa17 used similar OWT classification method but 
were calibrated using different datasets and therefore performed 
differently on the GLORIA dataset, especially for data with high SPM 
concentrations (Figs. 6d and 6e). This limitation can be mitigated by 
using semi-analytical methods instead of empirical methods. From 
Figs. 6k and 6l, it can be seen that the two semi-analytical algorithms 
show better applicability across the entire dataset compared to all the 
empirical algorithms. In particular, the newly developed algorithm in 
this study showed the best performance in SPM estimation, with the 
smallest MdAPE (43.2 % vs. 51.3 %–58.9 %) and the second smallest 
RMSE (0.45 vs. 0.44–0.57). Moreover, the slope is closest to 1 and the R2 

is the second highest (0.54 vs. 0.37–0.56), which indicates that the new 
algorithm can better capture the real SPM variation compared to other 
existing algorithms. However, given the Bias of 0.84, the new algorithm 
appears to slightly underestimate SPM.

To investigate how water type classification can aid in SPM estima
tion, we further compared the performance of three SPM estimation 
algorithms (Teng25, Jiang21 and this study) that use different water 
type classification methods for each water type defined in this study 
(Fig. 7, Table 3). By using the PC classification method proposed in this 
study (Section 3.1.2), the GLORIA dataset (N = 4,513) was classified 
into organic-dominated (N = 638, Figs. 7a–7c), mixed (N = 781, 
Figs. 7d–7f), and mineral-dominated (N = 3,094, Figs. 7g–7i) waters. 

Fig. 5. Boxplots of SPM distribution for the 10 detected water types. See Sec
tion 3.1.3 for abbreviations for each water type. Note: no data for O-E-turbid 
and M− E− turbid waters.
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The data for each PC water type were further classified into four types 
using the OWT-based classification approach in this study (see colors in 
Fig. 7). Because Teng25 used different POC/SPM thresholds and cate
gories for PC classification, its classification results were represented 
using different marks (Figs. 7a, 7d, and 7g).

For the organic-dominated waters, Teng25 shows a significant un

derestimation (Bias = 0.57, slope = 0.60, Fig. 7a), which is significantly 
improved by the present study (Bias = 0.88 and slope = 0.94, Fig. 7c). 
Additionally, the MdAPE and RMSE also decreased from 49.9 % to 44.5 
% and from 0.52 to 0.43, respectively. All 638 organic-dominated water 
samples were classified as “organic-rich” water by Teng25, so the SPM 
concentrations estimated by Teng25 are based on a single algorithm 

Fig. 6. Comparison of SPM concentrations estimated from in-situ measured Rrs using different algorithms with the in-situ measured SPM concentrations. The red and 
blue lines in each subfigure represent the 1:1 line and the fit line, respectively. The color of the dots in each subfigure represents the water type classification results 
for each SPM estimation algorithm.
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using Rrs at a single band of 665 nm (Teng et al., 2025). In contrast, these 
organic-dominated water samples were further classified into clear (N =
150, purple dots), moderately turbid (N = 174, blue dots), and highly 
turbid water (N = 314, yellow dots) using OWT classification method, 
and different algorithms (both the bands and the equations used) were 
used to estimate SPM in each sub-water type. Compared with the per
formance of Jiang21 (Fig. 7b, use median b*

bp(λ0) without PC classifi
cation), although the MdAPE is slightly larger (44.3 % vs. 44.5 %), our 

method (use the lower quartile b*
bp(λ0) based on the PC classification) 

reduces the RMSE (from 0.51 to 0.43) and improves the Bias signifi
cantly (from 0.52 to 0.88), indicating that the PC classification allows us 
to select a more appropriate b*

bp(λ0) value.
For mixed waters, our method also improved SPM estimates 

compared to Teng25, reducing the MdAPE from 46.1 % to 36.6 %. 
Similarly, this improvement comes from further use of OWT 

Fig. 7. Comparison of estimated SPM concentrations with different algorithms (Teng25, Jiang21 and this study) and in-situ measured SPM concentrations for 
different water types. The first row shows organic-dominated water samples, the second row shows mixed water samples, and the third row shows mineral-dominated 
water samples. The colors of the dots represent the OWTs defined in Jiang et al. (2021). The marks in the first column represent PC-based water types as defined in 
Teng et al. (2025). The red line represents the 1:1 line, and the blue line represents the fit line in each subfigure.
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classification. In this category, Teng25 used the same single algorithm 
for most water samples (777 of 779), because these water samples were 
also classified by Teng25 as “organic-rich” waters (Fig. 7d). In contrast, 
our method estimated SPM using three different algorithms (both bands 
and equations used) based on the OWT classification (Fig. 7f). Especially 
in the M-H-turbid waters, compared to Teng25, our method shows sig
nificant improvements for all metrics (MdAPE: 40.13 % vs. 29.85 %, 
RMSE: 0.39 vs. 0.34, Bias: 0.74 vs. 0.94, R2: 0.19 vs. 0.39, slope: 0.44 vs. 
0.94; see Table 3 and yellow dots in Figs. 7d and 7f). Note that in this 
category, Jiang21 and our method show the same performance, because 
our method also uses the same b*

bp(λ0) values (median) as Jiang21 based 
on PC classification (Fig. 7e vs. Fig. 7f).

Similarly, for mineral-dominated waters defined in this study, our 
method outperformed both Teng25 and Jiang21, with the lowest 
MdAPE (44.7 % vs. 59.8–60.5 %) and RMSE (0.45 vs. 0.46–0.48) values, 
due to the combined advantages of two water type classification 
schemes (Figs. 7g–7i). For example, the water samples within the red 
circle in Fig. 7g were classified as extremely mineral-rich waters by 
Teng25 and Rrs at 810 nm was used to estimate SPM, whereas these 
water samples were classified as Mi-M-turbid waters by our method and 
Rrs at 665 nm and upper quartile b*

bp(λ0) were used to estimate SPM, 
leading to improved estimation accuracy (Fig. 7i). Additionally, for each 
sub-water type in this category, except for Mi-Clear waters, our method 
shows the lowest MdAPE for the other three sub-water types compared 
to both Teng25 and Jiang21 (Table 3). Overall, the above results 

indicate that using two water type classification schemes in combination 
is more effective in estimating SPM across different water bodies than 
using only one water type classification method.

4.3. Validation using satellite matchups and several showcases

We further assessed the performance of the new SPM estimation al
gorithm with satellite matchup data (Fig. 8). Among the 226 matchups, 
nine water types (excluding O-E-turbid water, M-E-turbid water, and Mi- 
Clear water) were detected. Overall, the accuracy of SPM estimated 
using our method from real MERIS and OLCI data was similar to that 
estimated from in-situ Rrs, with an MdAPE of 43.4 % and an RMSE of 
0.39. Also, similar to the results obtained from the in-situ dataset, our 
method shows a slight underestimation of SPM, with a Bias value of 
0.64. Moreover, the large slope value of 1.29 is mainly due to the 
apparent underestimation of SPM for several water samples within in- 
situ SPM below 10 g/m3.

To additionally verify the capability of the newly proposed algo
rithm, we apply it to real satellite images and present the spatial dis
tributions of OWT, PC, and SPM in four lakes (Fig. 9) and three estuaries 
(Fig. 10). From both figures, we can see that the spatial distribution 
pattern of the PC classification map (third column) is different from that 
of the OWT classification map (second column). For example, from the 
perspective of particle composition, most of the water pixels in Lake 
Kasumigaura (Japan) and Lake Turkana (Kenya) belong to mineral- 
dominated waters (Fig. 9A3 and 9D3). However, in terms of water tur
bidities, the water pixels of Lake Kasumigaura were classified into two 
types (highly turbid water and extremely turbid water, Fig. 9A2), 
whereas the water pixels of Lake Turkana were classified into three types 
(moderately turbid water, highly turbid water, and extremely turbid 
water, Fig. 9D2). The OWT and PC classification maps of other two lakes 
(Lake Erie in North America and Lake Qinghai in China) also show 
different distribution patterns, indicating that the two water type clas
sification schemes can provide different information to select a more 
appropriate SPM estimation algorithm accordingly.

It can be clearly observed that in all three river estuaries, the OWT 
continuously changes from highly turbid or extremely turbid water to 
moderately turbid water, and then to clear water from the estuary to
ward the open ocean (Fig. 10A2, 10B2, 10C2). In addition, the particle 
composition patterns are similar: (1) mineral-dominated waters are 
commonly found in river mouths, (2) organic-dominated waters in the 
open ocean, and (3) mixed-water regions exist as a transition zone be
tween them (Fig. 10A3, 10B3, and 10C3).

Furthermore, Figs. 9 and 10 show that the distribution patterns of 
SPM in the four example lakes and the three example estuaries are 
generally similar to the distribution patterns of the OWT classification, 
but not to the distribution patterns of the PC classification. This finding 
indicates that the SPM concentration in a water body is not directly 
related to the particle composition but has a strong influence on its 
optical properties.

5. Discussion

5.1. The need to combine the two water type classification schemes

In this study, a new semi-analytical algorithm was developed to es
timate SPM from Rrs in various water bodies (Fig. 3). Our main contri
bution is the proposal to combine two water type classification schemes: 
(1) an OWT-based water type classification scheme adopted from Jiang 
et al. (2021), and (2) a PC-based water type classification scheme 
modified from Teng et al. (2025). The OWT-based water classification 
scheme allows categorizing water bodies into four types (clear, moder
ately turbid, highly turbid, and extremely turbid) based on the turbidity 
of the water body. Meanwhile, the PC-based water type classification 
scheme can classify water bodies into three types (organic-dominated, 
mixed, and mineral-dominated) based on the proportion of particulate 

Table 3 
Performance evaluation metrics of the three algorithms (Teng25, Jiang21, this 
study) for each water type defined in this study. See Section 3.1.3 for abbrevi
ations for each water type. Values with orange background represent the lowest 
values for MdAPE and RMSE, the values closest 1 for Bias, R2, and slope.

Water type Method MdAPE RMSE Bias R2 Slope N

O-Clear Teng25 51.42 0.55 0.85 0.03 0.52 150
Jiang21 48.93 0.67 0.41 0.02 0.44 150
This Study 48.22 0.57 0.67 0.02 0.44 150

O- 
M-turbid

Teng25 42.25 0.41 0.67 0.12 0.51 174
Jiang21 48.64 0.5 0.46 0.13 0.57 174
This Study 42.58 0.38 0.81 0.13 0.57 174

O- 
H-turbid

Teng25 54.91 0.57 0.43 0.15 0.62 314
Jiang21 40.31 0.42 0.62 0.4 0.87 314
This Study 43.45 0.37 1.06 0.4 0.87 314

O- 
E-turbid

Teng25 − − − − − −

Jiang21 − − − − − −

This Study − − − − − −

M− Clear Teng25 72.83 0.7 0.51 0.14 0.3 104
Jiang21 72.04 0.87 0.27 0.05 0.17 106
This Study 72.04 0.87 0.27 0.05 0.17 106

M- 
M-turbid

Teng25 46.35 0.42 0.94 0.06 0.48 253
Jiang21 39.45 0.47 0.65 0.06 0.53 253
This Study 39.45 0.47 0.65 0.06 0.53 253

M- 
H-turbid

Teng25 40.13 0.39 0.74 0.19 0.44 422
Jiang21 29.85 0.34 0.94 0.39 0.94 422
This Study 29.85 0.34 0.94 0.39 0.94 422

M- 
E-turbid

Teng25 − − − − − −

Jiang21 − − − − − −

This Study − − − − − −

Mi-Clear Teng25 67.44 0.58 0.77 0.02 0.51 82
Jiang21 66.08 0.69 0.41 0 − 0.41 82
This Study 75.64 0.85 0.24 0 − 0.41 82

Mi- 
M− turbid

Teng25 72.24 0.52 1.16 0.03 0.77 842
Jiang21 47.02 0.45 0.93 0.14 0.75 849
This Study 45.45 0.5 0.6 0.14 0.75 849

Mi- 
H-turbid

Teng25 55.08 0.46 1.25 0.24 0.96 2054
Jiang21 64.37 0.45 1.62 0.29 0.84 2054
This Study 42.68 0.4 1.06 0.29 0.84 2054

Mi- 
E-turbid

Teng25 82.54 0.58 1.57 0.25 1.04 107
Jiang21 74.99 0.46 1.71 0.46 0.62 107
This Study 47.11 0.4 1.1 0.46 0.62 107

All Types Teng25 55.9 0.48 1.01 0.49 1.03 4502
Jiang21 51.9 0.47 1.05 0.56 1.14 4513
This Study 43.2 0.45 0.84 0.54 1 4513
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organic matter and minerals contained in the water body. Therefore, 
because water bodies classified into each OWT may have different 
particle compositions and water bodies classified into each PC type may 
also have different turbidities, a total of 12 water types can be classified 
by combining the two water type classification schemes. This finding is 
confirmed in Fig. 4, which shows that 10 water types were detected in 
the GLORIA dataset.

The results in Fig. 6 clearly show that the new algorithm can estimate 
more accurate SPM in different aquatic environments compared with 
other existing SPM estimation algorithms. To the best of our knowledge, 
all existing algorithms rely on one water type classification scheme 
(OWT-based or PC-based) and, due to limitations in available data, can 
only classify three to five water types to develop SPM estimation algo
rithms specific to each water type (Han et al., 2016; Balasubramanian 
et al., 2020; Stramski et al., 2023). Using only the OWT-based water type 
classification scheme can help select appropriate wavelengths for SPM 
estimation, but it cannot address the issue that water bodies with the 
same SPM concentration have different Rrs due to differences in particle 
composition (Teng et al., 2025, also see Figs. 4 and 5). On the other 
hand, using only the PC-based water type classification scheme makes it 
difficult to select appropriate wavelengths for more accurate SPM esti
mation (first and third columns in Fig. 7). In contrast, the new algorithm 
combines two different water type classification schemes to define 12 
water types and allows different calculation formulas for each defined 
water type, thus improving the accuracy of SPM estimation across 
different water bodies (Table 3).

Certainly, not all of the existing algorithms compared in this study 
(Fig. 6) were developed for global SPM estimation across different water 
types. The aim of this comparison is to highlight the strengths and 
limitations of each algorithm using a global dataset (GLORIA) and the 
advances made in the SPM estimation algorithm developed in this study.

5.2. Rationale for choosing appropriate b*
bp(λ0) values based on particle 

composition classification

In this study, the lower quartile, median, and upper quartile b*
bp(λ0)

values obtained from Jiang et al. (2021) were proposed to be used for 

organic-dominated, mixed, and mineral-dominated waters, respectively 
(Supplementary Table S2). Therefore, the b*

bp(λ0) values used for 
organic-dominated and mineral-dominated waters in this study are 
smaller and larger, respectively, than those used in Jiang et al. (2021), 
who used fixed b*

bp(λ0) values to estimate SPM in each OWT without 
considering differences in particle composition of water bodies. The fact 
that Jiang21′s underestimation of SPM in organic-dominated waters 
(Fig. 7b, Bias = 0.52) and overestimation of SPM in mineral-dominated 
waters (Fig. 7h, Bias = 1.34) were significantly improved in the present 
study (Fig. 7c, Bias = 0.88; Fig. 7i, Bias = 0.87) strongly supports the 
validity of our proposal.

Furthermore, our proposal is also supported by results reported in 
previous studies. Reynolds et al. (2016) reported that the b*

bp values of 
mineral-dominated waters are two to three times higher than the b*

bp 

values of organic-dominated waters; Neukermans et al. (2012) reported 
values of b*

bp at 660 nm to be approximately 0.005 m2 g− 1 for organic 
particles and 0.012 m2 g− 1 for mineral particles; and Woźniak et al. 
(2016) observed a mean b*

bp value at 560 nm in the Baltic Sea of 0.0073 
m2 g− 1 with a CV of 29 %. These b*

bp values are similar to those used in 
this study (e.g., 0.0065 m2 g− 1 for organic-dominated water and 0.0184 
m2 g− 1 for mineral-dominated waters at 560 nm, and 0.005 m2 g− 1 for 
organic-dominated water and 0.0136 m2 g− 1 for mineral-dominated 
water at 665 nm).

In addition, in this study, the PC-based water type classification 
scheme is only used for selecting b*

bp(λ0) values. This is because both the 
particle composition of the water body and the b*

bp(λ0) values are inde
pendent of the SPM variations. In contrast, the bbp(λ0) value has a direct 
relationship with Rrs (bio-optical model) and can therefore be altered 
not only by particle composition but also by SPM in the water body. 
Nevertheless, the bbp(λ0) estimation based on the OWT-based water type 
classification and the corresponding QAA can help to identify the most 
appropriate wavelengths for selecting the b*

bp(λ0) values. A total of 12 
b*

bp(λ0) values were identified in this study (Fig. 3).

Fig. 8. Comparison of SPM concentrations estimated from satellite data using the newly developed SPM estimation algorithm with the in-situ measured SPM 
concentrations. The colors represent the water types defined in this study. The red and blue lines represent the 1:1 line and the fit line, respectively. The numbers in 
parentheses in the legend represent the amount of data for each type.
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5.3. Applicability of the newly developed method and future challenges

In this study, bbp(λ0) and the b*
bp(λ0) are two intermediate variables 

for estimating SPM (Eq.1). To obtain bbp(λ0) values, OWT-based water 
type classification was used to help select the appropriate reference 
wavelengths and QAAs for each OWT. This process allows for semi- 
analytical estimation of the bbp(λ0) values by using different reference 
wavelengths for different OWTs to mitigate the absorption effects of 
non-water OASs (CDOM, NAP, phytoplankton) at the selected reference 
wavelength (Jiang et al., 2021). Meanwhile, the b*

bp(λ0) values were 
selected from the synthetic data based on a combination of two water 
type classification schemes. To implement the PC-based water type 
classification scheme, we estimated the POC/SPM ratio from the Rrs 
using an empirical formula (Eq. (2) and determined two threshold 
values for the POC/SPM ratio using results from previous studies 
(Woźniak, et al., 2010; Teng et al., 2025). However, these empirical 
relationships are only used to select appropriate b*

bp(λ0) values and are 
not used directly in estimating SPM and therefore are considered to be of 
only secondary importance in estimating SPM. With this consideration, 
the newly developed SPM estimation algorithm is semi-analytical and 
applicable to various aquatic environments (e.g., lakes, estuaries, 

coastal shelves, open ocean) without the need for readjustment.
The method developed in this study has two challenges. First, since 

Equation (2) for estimating the POC/SPM ratio used in this study is 
based only on data collected from limited water bodies (Teng et al., 
2025), the applicability of this equation needs to be further evaluated 
using more field data. Additionally, the POC/SPM thresholds also need 
to be further tested. Meanwhile, in future work, it would also be 
worthwhile to test other methods for classifying water types. For 
example, Wang et al. (2016; Wang et al. (2023)) proposed using back
scattering efficiency to classify particle composition. More importantly, 
a semi-analytical method that can continuously estimate the b*

bp(λ0)

value from Rrs(λ0) could further improve the accuracy of SPM estima
tion. Second, the proposed method can only be applied to satellite data 
that can provide sufficient required bands (e.g. 620 nm, 754 nm). This 
limitation makes it difficult to apply the developed method to some 
satellite sensors with only a few wide bands, such as Landsat data (Teng 
et al., 2025). Future research should explore whether this method can be 
extended to apply to other satellite data.

6. Conclusions

In this study, we developed a new semi-analytical algorithm that can 

Fig. 9. Showcase maps for the four lakes. The first column displays the RGB OLCI (R: G: B = 17:8:6) or MERIS (R: G: B = 13:7:5) images, the second column shows 
the OWT classification maps, the third column shows the PC classification maps, and the fourth column shows the estimated SPM distribution maps. A1)-A4) Lake 
Kasumigaura, Japan (OLCI: Oct. 13, 2019); B1)-B4) Lake Erie, North America (MERIS: Jun. 02, 2011); C1)-C4) Lake Qinghai, China (OLCI: Jun. 29, 2020), D1)-D4) 
Lake Turkana, Kenya (OLCI: Mar. 13, 2020).
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be applied to various aquatic environments for SPM estimation. The new 
algorithm creatively combines an OWT classification scheme that sup
ports the selection of the optimal reference wavelength for semi- 
analytical retrieval of bbp(λ0) from Rrs(λ0) and a particle composition 
classification scheme that helps determine the most appropriate b*

bp(λ0)

value for calculating SPM from bbp(λ0). Through comparison with 11 
existing SPM estimation algorithms using in situ data collected from 
water bodies around the world, validation exercises using satellite 
matchups from diverse aquatic environments, and application to actual 
satellite data from lakes and estuaries, we concluded that the new al
gorithm can provide more accurate SPM estimates overall than other 
existing algorithms and can be applied to water bodies with a variety of 
turbidity levels and particle compositions. Future work will involve 
conducting studies on the generality of the POC/SPM estimation model 
and the robustness of the thresholds used to classify water bodies into 
different particle composition groups to further test or improve the ac
curacy and applicability of the new algorithm.
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