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Estimation of Particulate Backscattering Coefficient
in Turbid Inland Water Using Sentinel

3A-OLCI Image
Jiafeng Xu , Yingchun Bian, Heng Lyu , Song Miao, Yunmei Li , Huaiqing Liu, and Jie Xu

Abstract—The particulate backscattering coefficient (bbp) plays
an important role in the underwater light field. However, it is
difficult to accurately estimate bbp(λ) in turbid inland water with
complex optical properties. To accurately estimate the backscat-
tering coefficients in inland water, a simple classification method
based on the shape of remote sensing reflectance was first proposed
to distinguish two water types (i.e., water type 1 and water type 2)
with different backscattering characteristics. Then, trigonometric
functions were developed to simulate the backscattering coefficients
at all bands in water type 1 and the backscattering coefficients in
the visible band of water type 2, whereas a linear function was
built to estimate the backscattering coefficients in the near-infrared
band of water type 2. The proposed algorithm was compared with
four state-of-the-art methods and validated by an independently
measured dataset of three lakes in the middle and lower reaches
of the Yangtze River in 2020. The results showed that the pro-
posed algorithm performed well in inland waters, with all mean
absolute percentage errors < 40% and root-mean-square errors
< 0.25 m−1. Finally, the algorithm was applied to Ocean and Land
Color Instrument images from 2016 to 2020 in Lake Taihu and
Lake Hongze. It was found that the backscattering coefficients in
Lake Taihu and Lake Hongze showed opposite seasonal variation
trends, and the bbp(676) in Lake Hongze began to decrease since
2017, whereas no obvious interannual variation was observed in
Taihu Lake in recent five years.

Index Terms—Estimation algorithms, inland waters, ocean and
land color instrument (OLCI) images, particulate backscattering
coefficient.

I. INTRODUCTION

A S one of the most important inherent optical properties
(IOPs), the particulate backscattering coefficient (bbp) is
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determined by particle features, such as concentration, size,
shape, and composition, and plays a critical role in the backscat-
tering of light from a water body to the sky received by satellite
sensors [1], [2]. Therefore, particulate backscattering properties
could provide important particle information that can be cap-
tured through remote sensing. Recently, bbp(λ) has been widely
used to indicate some important parameters representing water
quality and biochemical characteristics, such as total suspended
matter (TSM), particulate organic carbon (POC), and particle
size [3]–[5]. As a result, understanding the particulate backscat-
tering characteristics can further grasp the horizontal transport
of suspended particulate matter (SPM), as well as the character-
istics of vertical flocculation, sedimentation, resuspension, and
siltation [6].

Recently, particulate backscattering characteristics in the
ocean have been intensively studied. Studies have shown that
the particulate backscattering coefficient in waters shows a
downward trend, and the power-law function can be used to
parameterize the backscattering coefficient [7]. In Gordon’s
research conducted in San Diego and Hawaii [8], it was found
that the variation of particulate backscattering coefficients with
wavelength dependence can be expressed by a power-law func-
tion. Rehm and Mobley [9] also found that estimated particulate
backscattering coefficients based on upwelling radiance and
downwelling irradiance decreased as the power-law function
increased with wavelength. However, the particulate backscat-
tering properties in inland waters may be different from those
in the open ocean. Wu et al. [10] found that the particulate
backscattering coefficient at 420 nm was lower than that at
440 nm in Lake Poyang, which was believed that the change
did not follow the monotonic power function. It was also found
in the VIIRS2014 dataset [11] that there was a peak in the
particulate backscattering spectra at 442 and 530 nm and a drop
at approximately 480 nm. Furthermore, our field particulate
backscattering data collected in different turbid lakes did not
show a power-law function of variation of particulate backscat-
tering as the wavelength changed.

The accurate estimation of bbp(λ) is essential for obtaining
water biochemical features via remote sensing technology [12],
[13]. In recent years, based on the quasi-analytical algorithm
(QAA) [14], a series of remote sensing algorithms for estimat-
ing the IOPs of ocean, coastal and inland waters have been
developed [15]–[17]. In the development of the algorithms,
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Fig. 1. Spatial distribution of sampling sites in turbid inland lakes from 2015
to 2018. The sampling points shown in green were collected from Lake Hongze,
Lake Dongting, Lake Gaoyou, and Meiliang Bay of Lake Taihu, which were
used for modeling and validation. The sampling points shown in deep red
were collected from Lake Shijiu, Lake Nanyi, and Gonghu Bay of Lake Taihu,
which were used for the independent validation dataset.

it was assumed that particulate backscattering variation with
wavelength changes follows the power-law function. Then,
according to different water optical characteristics, modifying
the reference band of the backscattering coefficient was often
adopted to improve the backscattering coefficient estimation
accuracy, such as moving the reference band to the longer wave
direction in turbid waters [18]. However, it has been found
that the measured backscattering spectrum in inland water is
very different from the power function [10], [11], thus, whether
QAA-based estimation method can be applied to inland turbid
water needs to be further investigated. As a result, there is
an urgent need to develop a practical method to estimate the
particulate backscattering coefficient and to propose a function
to describe the relationship between bbp(λ) and wavelength for
inland water.

It is still a challenge to estimate bbp(λ) in inland turbid lakes.
Therefore, based on the field campaigns in typical turbid inland
waters (Lake Taihu, Lake Hongze, Lake Dongting, and Lake
Gaoyou in China), the purposes of this study were to 1) explore
the varying characteristics of bbp as the wavelength changes in
turbid inland water and 2) develop an estimation algorithm of
bbp(λ) suitable for turbid inland water based on Ocean and Land
Color Instrument (OLCI) images.

II. DATA AND METHODS

A. Field Sampling and Measurement

A total of 120 samples that were collected through seven
cruises from 2015 to 2018 were utilized to develop an estimation
model for backscattering coefficients. The spatial distribution
of sampling sites is shown in Fig. 1. In detail, 70 samples were
collected during four cruises in Lake Hongze, 14 samples during
one cruise in Meiliang Bay of Lake Taihu, ten samples during
one cruise in Lake Gaoyou, and 26 samples during one cruise

in Lake Dongting. For validating the backscattering retrievals,
an independent database (N = 21) collected from Gonghu Bay
of Lake Taihu, Lake Nanyi, and Lake Shijiu was applied. Fur-
thermore, a database (N = 28) collected from the Chesapeake
Bay obtained from SeaBASS [19] was also used to evaluate the
applicability of the developed algorithm.

Remote sensing reflectance (Rrs(λ)), particulate backscat-
tering coefficients (bbp(λ)), and particle size distribution of
suspended particles were collected at each sampling point. In
brief, Rrs(λ) was obtained by a FieldSpec spectroradiometer
[20]. Particulate backscattering coefficients in six bands (442,
488, 532, 590, 676, and 852 nm) were measured by using a
HOBI Labs Hydroscat-6P (HS-6P) [21]. Before cruising, HS-6
was calibrated to confirm its performance. The sigma correction
was performed on the measurement data under the guidance of
the HOBI Labs user manual. The specific correction formula is
as follows:

bb = σbbu (1)

where bb is the corrected backscattering coefficient, bbu is the
measured backscattering coefficient without sigma correction,
and σ is the correction coefficient and its calculation method is
shown in the following equation:

σ = k1 exp (kexpkbb) (2)

where k1 is equal to 1 at all wavelength, kexp is a parameter
related to the instrument and included in calibration file, and
kbb is the attenuation of the backscattering signal.

Data correction is the energy compensation for the attenuation
of the optical signal in the entire optical path transmission, and
the relationship shown in (3) was used to compensate for the
attenuation [22]

kbb = a+ 0.4b (3)

where a is the total absorption coefficient and b is the scattering
coefficient. b was calculated based on the backscattering prob-
ability b̃b, as shown in in the following equation:

b = (bbu − bbw)/b̃b (4)

where b̃b was considered to be 0.019 [23], and bbw is the
backscattering coefficient of pure water.

Finally, by subtracting the bbw from the corrected backscat-
tering coefficient bb, the particulate backscattering coefficient
bbp was obtained

bbp = bb − bbw. (5)

The particulate backscattering coefficients at 488 nm of the 24
sampling points could not be used due to negative values caused
by noise, so only 96 sampling points were applied to develop an
algorithm for estimating particulate backscattering coefficient at
488 nm. The particle size volume concentration (V (D),μL•L-1)
was measured by using a Sequoia LISST-100X. The median
particle diameter of the volume distribution (Dv50, μm) was
derived using the LISST-100X measurements [24].

Surface water (<0.5 m) was also taken at each sampling site
with 2 L Niskin bottles for analysis. Chlorophyll-a (Chla) was
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extracted with 90% ethanol. The concentrations of TSM, organic
suspended matter, and inorganic suspended matter (ISM) were
determined using the standard method [25]. The absorption of
total particulate matter (ap(λ)), phytoplankton (aph(λ)), and
nonalgal particulate matter (anap(λ)) was determined by us-
ing the transmittance–reflectance technique with a Shimadzu
UV2550 spectrophotometer [26].

B. Accuracy Assessment

The coefficient of determination (R2), mean absolute percent-
age error (MAPE), and root-mean-square error (RMSE) were
used to quantitatively evaluate the performance of the particulate
backscattering coefficient estimation model

R2 = 1−
n∑

i = 1

(Xi − Yi)
/ n∑

i = 1

(Xi − Z) (6)

MAPE =
1

n

n∑
i = 1

∣∣∣∣Xi − Yi

Yi

∣∣∣∣× 100% (7)

RMSE =

√
1

n

∑n

i=1
(Xi − Yi)

2 (8)

where Xi and Yi are the values of in situ measurement and
estimation from remote sensing reflectance, respectively, and
Z is the mean value of the in situ measured dataset.

C. Sentinel-3A/OLCI Image Preprocessing

With a spatial resolution of 300 m, a total of 21 bands, and
a high signal-to-noise ratio, Sentinel-3A/OLCI is an effective
ocean color sensor for monitoring water quality in inland water.
A total of 257 images (68 images for Lake Taihu, 189 images for
Lake Hongze) from June 2016 to May 2020 were downloaded
from the European Space Agency Copernicus Open Access Hub.
Three often used methods for atmospheric correction in inland
turbid waters, Case 2 Regional Coast Color processor (C2RCC),
and the management unit of the North Seas Mathematical Mod-
els (MUMM) [27] and Dense dark vegetation Water area cor-
rection (DW) [28] were extensively compared. The parameters
of C2RCC were set as salinity = 35.0 PSU, temperature =
15.0 °C, ozone = 330.0 DU, air pressure = 1000.0 hPa. The
MUMM_alpha and MUMM_gamma of MUMM atmospheric
correction were set to 1.817 and 1, respectively [29]–[31]. The
remote sensing reflectance of 45 quasi-synchronous points with
acquired OLCI images from July 22, 2016, December 7, 2017,
May 18, 2017, September 8-9, 2019 were used to validate the
accuracy of atmospheric correction. The scatterplot of measured
remote sensing reflectance and atmospheric corrected remote
sensing reflectance derived from OLCI images is illustrated in
Fig. 2 and the statistics are listed in Table I. And it can be seen
that the performance of C2RCC was the worst, and the corrected
remote sensing reflectance was significantly overestimated. The
performance of the DW algorithm in the visible band was slightly
better than the MUMM algorithm, but in the near-infrared
band, the consistency between the remote sensing reflectance
estimated by the DW algorithm and the measured remote sensing
reflectance was poor. Compared with the other two algorithms,

Fig. 2. Scatterplot of the field-measured remote sensing reflectance and OLCI-
derived remote sensing reflectance using MUMM and C2RCC atmospheric
correction models at (a) 560 nm, (b) 620 nm, (c) 674 nm, (d) 709 nm, (e)
754 nm, and (f) 865 nm.

the MUMM algorithm was more stable in the visible bands
and the near-infrared bands. Therefore, the MUMM algorithm
was finally adopted to conduct atmospheric correction for OLCI
images.

Algal bloom areas were masked using VB-FAH [32]. If the
value of the index was greater than 0.0039, a pixel was consid-
ered an algal bloom pixel.

III. ALGORITHM DEVELOPMENT

First, to accurately estimate particulate backscattering co-
efficients in inland water with complex optical characteristics,
the water type must be determined based on optical character-
istics. This was achieved with a classification method based
on the remote sensing reflectance spectrum and the detailed
determination method is shown in (9). Specifically, the ratio
of Rrs(560)/Rrs(620) and the value of Rrs(754) were proposed
to classify the water types as follows:⎧⎨
⎩

Rrs(560)
Rrs(620)

≤ 1 or Rrs (754) ≥ 0.019 sr−1 Water type 1

Rrs(560)
Rrs(620)

> 1 and Rrs (754) < 0.019 sr−1 Water type 2

(9)
where Rrs(560), Rrs(620), and Rrs(754) are the remote sensing
reflectance at 560, 620, and 754 nm, respectively.

When Rrs(560)/Rrs(620) was greater than 1 and Rrs(754) was
less than 0.019 sr−1, the measurement was defined as water type
2 with low to moderate TSM (29.38±14.82 mg/L). Otherwise,
the measurement was considered as water type 1 with very high
TSM (77.62±29.21 mg/L). Based on the above classification
method, 42 sampling points were classified as water type 1,
and the remaining 78 samples were classified as water type 2.
Two-third of the field samples in each water type were used
as the modeling dataset, and the remaining one-third of the
field samples were used as the validation dataset. The sampling
number of backscattering coefficients is listed in Table II.

The measured backscattering spectra of the two water types
are shown in Fig. 3. The particulate backscattering in turbid
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TABLE I
STATISTICS OF THE ACCURACY OF MUMM, C2RCC, AND DW AT 560, 620, 674, 709, 754, AND 865 NM

TABLE II
NUMBER OF BACKSCATTERING COEFFICIENTS AT 442, 488, 532,

590, 676, 852 NM

inland water does not decay continuously in the form of a
power-law function in inland turbid water. It can be seen that
in Fig. 3, for both water type 1 and water type 2, the par-
ticulate backscattering value was low in the blue bands (442
and 488 nm), followed by the highest particulate backscattering
coefficient at 590 nm, then a relatively low value in the red band
(676 nm). Therefore, given these observations, the variation
within the visible band can be approximately simulated by using
the trigonometric function.

A trigonometric function described by (10) was developed
to describe the particulate backscattering variation as the wave-
length changes in the range of 442–852 nm for water type 1

bbp (λ) = Atype1 cos (Wtype1 (λ − 852))

+ bbp (852)−Atype1 (10)

where Atype1 is the coefficient of the trigonometric function for
water type 1, which represents the amplitude of the trigonometric
function. The parameter Atype1 in (10) for water type 1 was
derived based on particulate backscattering at 852 and 488 nm
using (11). Wtype1 was calculated from the difference between
the wavelength of 852 and 488 nm using (12), the peak and
drop values of the backscattering spectrum. Here, Wtype1 was

a parameter describing the period of a trigonometric function.
bbp(852) is the particulate backscattering coefficient at 852 nm

Atype1 =
bbp (852)− bbp (488)

2
(11)

where bbp(488) and bbp(852) are the particulate backscattering
coefficients at 488 and 852 nm, respectively.

The backscattering spectrum of water type 1 can be approxi-
mately regarded as a trigonometric function with a minimum
value at 488 nm and a maximum value at 852 nm so that
Wtype1 can be calculated based on the period of the trigonometric
function using the following equation:

Wtype1 =
2π

Ttype1
=

2π
2
3 × (852− 488)

(12)

where Ttype1 is the period of the trigonometric function of water
type 1.

Since water type 1 belongs to high TSM concentration water,
the saturation phenomenon of remote sensing reflectance in
visible bands was often observed; as a result, the particulate
backscattering variation was more sensitive to reflectance in
near-infrared bands, and it was found that Atype1 had the high-
est correlation with Rrs(754)/Rrs(560). Thus, Atype1 could be
derived by using Rrs(754)/Rrs(560), as shown in (13), and the
relationship between Atype1 and Rrs(754)/Rrs(560) is illustrated
in Fig. 4(a)

Atype1 = 2.7606

(
Rrs (754)

Rrs (560)

)2.8252
, R2 = 0.72 (13)

where Rrs(560) and Rrs(754) are the remote sensing reflectance
at 560 and 754 nm, respectively.

However, in water type 2, in the near-infrared bands, the
particulate backscattering coefficient did not change much or
even showed a slight decrease. Therefore, the piecewise function
method was proposed to simulate the particulate backscattering
coefficient variation as the wavelength changes. In the wave-
length range of 442–676 nm, a trigonometric function was
built to simulate particulate backscattering coefficient variation,
defined as shown in (14). In the wavelength range from 676
to 852 nm, a linear function was developed to describe the
particulate backscattering coefficient change in this range, as



XU et al.: ESTIMATION OF PARTICULATE BACKSCATTERING COEFFICIENT IN TURBID INLAND WATER 8581

Fig. 3. (a) Measured backscattering of water type 1. (b) Measured backscattering of water type 2.

Fig. 4. Relationship between (a) in situ measured Atype1 and Rrs(754)/Rrs(560), (b) in situ measured Atype2 and Rrs(709)/Rrs(560), and (c) in situ measured
k and Rrs(709)/Rrs(674). The in situ measured Atype1, Atype2, and k were calculated from measured backscattering coefficients given in (13), (19), and (20).
The number of in situ samples for Atype1 and Atype2 excluded the samples with signal noise at 488 nm.

shown in (15)

bbp (λ) = Atype2 cos (Wtype2 (λ − 590)) + bbp (676)

−Atype2 cos (Wtype2 (676− 590)) , λ ≤ 676 nm
(14)

bbp (λ) = k (λ − 852) + bbp (852) , 676 nm ≤ λ ≤ 852 nm
(15)

where Atype2 is the coefficient of the trigonometric function for
water type 2, which represents the amplitude of the trigonometric
function. Parameter Atype2 in (14) for water type 2 was derived
based on particulate backscattering at 590 and 488 nm using
(16), the peak and dip values of the backscattering spectrum.
Wtype2 was calculated from the difference between the wave-
length of 590 and 488 nm using (17). Here, Wtype2 was a
parameter describing the period of a trigonometric function. k
is the slope of the linear function for water type 2 defined as
(18), and bbp(852) is the particulate backscattering coefficient
at 852 nm

Atype2 =
bbp (590)− bbp (488)

2
(16)

where bbp(488) and bbp(590) are the particulate backscattering
coefficients at 488 and 590 nm, respectively.

The backscattering spectrum of water type 2 can be approxi-
mately regarded as a trigonometric function with a minimum
value at 488 nm and a maximum value at 590 nm so that
Wtype2 can be calculated based on the period of the trigonometric
function using the following equation:

Wtype2 =
2π

Ttype2
=

2π

2× (590− 488)
(17)

where Ttype2 is the period of the trigonometric function of water
type 2.

The parameter k, the slope of the linear function for water
type 2, was calculated using the following equation:

k =
bbp (852)− bbp (676)

852− 676
(18)

where bbp(676) and bbp(852) are the particulate backscattering
coefficients at 676 and 852 nm, respectively.

Since water type 2 was not high TSM concentration water, the
remote sensing reflectance at short wavelengths does not show
saturation [33]–[35]. It was found that Atype2 was affected by



8582 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

particles and had a significant correlation with the reflectance
at short wavelengths. Therefore, the ratio of Rrs(709)/Rrs(560)
was adopted to calculate Atype2, as shown in (19), due to its
significant positive correlation with Atype2 (r = 0.87, p < 0.05).
Their relationship is shown in Fig. 4(b)

Atype2 = 0.676

(
Rrs (709)

Rrs (560)

)4.263
, R2 = 0.72 (19)

where Rrs(560) and Rrs(709) are the remote sensing reflectance
at 560 and 709 nm, respectively.

In this study, k was found to present a significant positive
correlation with the ratio of Rrs(709)/Rrs(674) (r = 0.83, p <
0.05). This relationship is shown in Fig. 4(c). As a result, a
linear regression was developed to estimate k using the ratio of
Rrs(709)/Rrs(674), as shown in the following equation:

k = 0.0015
Rrs (709)

Rrs (674)
− 0.0015, R2 = 0.68 (20)

where Rrs(674) and Rrs(709) are the remote sensing reflectance
at 674 and 709 nm, respectively.

The particulate backscattering coefficient at 852 nm was used
as the initial reference value for estimation of the particulate
backscattering coefficients in other bands, because particulate
backscattering at 852 nm may be estimated using a semiana-
lytical method due to the strong absorption of pure water in
near-IR bands. Based on the assumptions that the total absorp-
tion at 852 nm can be regarded as the absorption of pure water
[36], [17] and that the particulate backscattering at 852 nm is
approximately equal to the particulate backscattering at 865 nm,
the method proposed by Lyu et al. [37] was adopted to estimate
the particulate backscattering coefficient at 852 nm by using
the relationship between remote sensing reflectance and IOPs
[14], [38]. The estimation algorithm is given in the following
equation:

bbp (852) ≈ bbp (865) =
aw (865)×Rrs (865)

0.0448−Rrs (865)
− bw (865)

(21)
where aw(865) and bw(865) are the pure water absorption and
particulate backscattering coefficients, respectively. The values
of aw(865) and bw(865) are 4.6052 and 0.00014 m−1, respec-
tively [39].

Finally, the particulate backscattering in all six bands can
be obtained based on the reference particulate backscattering
coefficients at a wavelength of 852 nm using (21) and the
particulate backscattering coefficient simulation function using
(10), (14), and (15). The procedures of backscattering coeffi-
cients estimation at six bands are shown in Fig. 5. And detailed
estimation method and the purpose of each parameter used in
the algorithm were listed in Table III.

IV. RESULT

A. Estimation Accuracy of Parameters of A and k

A and k are important parameters in the particulate backscat-
tering coefficients simulation algorithm, therefore, the measured
A and k values calculated using measured particulate backscat-
tering coefficients and the estimated A and k values derived

Fig. 5. Flowchart of the algorithm. Input parameters are remote sensing
reflectance (Rrs(λ)). Atype1, Atype2, and k are coefficients of the backscat-
tering inversion algorithm derived in (13), (19), and (20). Output variables are
backscattering coefficients (bbp(λ)).

from remote sensing reflectance were employed to evaluate the
estimation accuracy. The estimation performance of Atype1 was
satisfactory with a MAPE of 26.88%, an RMSE of 0.10 m−1,
and an R2 of 0.89, and the scatterplot of estimated Atype1 and
measured Atype1 is shown in Fig. 6(a). It can be seen that
measured Atype1 and estimated Atype1 showed a good agree-
ment, with a significant linear relationship (r = 0.94, p < 0.05,
slope= 0.77). Similarly, the scatterplots of measured Atype2 and
k and estimated Atype2 and k (Fig. 6(b) and (c), respectively)
show that points were tightly distributed near the 1:1 line, with
MAPE of 49.74% and 70.20%, RMSE of 0.04 and 0.0004 m−1,
and R2 of 0.82 and 0.79, respectively. The higher MAPE was
mainly caused by the fact that the in situ measured value was
extremely small. Although the MAPE of the k value estimation
was larger, there was little effect on the final estimation result
of particulate backscattering coefficients. A significant strong
correlation between estimated k and Atype2 and in situ measured
k (r= 0.89, p< 0.05) and Atype2 (r= 0.91, p< 0.05) was found,
suggesting that the estimation of k and Atype2 through remote
sensing is feasible.

According to the evaluation results, it can be concluded that
the parameters of Atype1 for water type 1 and k and Atype2

for water type 2 water could be successfully obtained through
remote sensing reflectance. Therefore, the obtained coefficients
could be further used to estimate the particulate backscattering
coefficients.

B. Algorithm Performance Evaluation Based on in Situ Data

The remaining one-third of the field samples were used to
validate the accuracy of the proposed algorithm. First, the in
situ measured data were used to validate the estimation accuracy
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TABLE III
DETAILED INTRODUCTION OF PARAMETERS USED IN THE ESTIMATION ALGORITHMS

bbp(488), bbp(590), bbp(676), and bbp(852) are the backscattering coefficient at 488, 590, 676, and 852 nm, respectively, and Rrs(560), Rrs(674), Rrs(709), and Rrs(754)
are the remote sensing reflectance at 560, 674, 709, and 754 nm, respectively.

Fig. 6. Comparison of (a) in situ measured Atype1 and estimated Atype1 for the validation dataset of water type 1, (b) in situ measured Atype2 and estimated
Atype2 for the validation dataset of water type 2, (c) in situ measured k and estimated k for the validation dataset of water type 2. The number of validation samples
for Atype1 and Atype2 excluded the samples with signal noise at 488 nm.

of the particulate backscattering coefficient at 852 nm obtained
by using the method proposed by Lyu et al. [37]. The scatter
plot of the measured particulate backscattering coefficients and
estimated values is shown in Fig. 7(f), and it can be seen that
the estimated value was close to the measured value for both
water type 1 and water type 2. The estimated bbp(852) and
measured bbp(852) showed a strong agreement with a significant
correlation of 0.92 (p < 0.05). The MAPE and RMSE of the
estimation algorithm were further calculated, with values of
27.97% and 0.21 m−1, respectively. Further analysis showed
that the estimation accuracy of water type 1 was slightly better
than water type 2. This result further demonstrated that the
absorption of particles in both high and middle or low turbid
water was so small compared with pure water in the near-infrared
band [17], [40] that the influence of absorption of particles
could be ignored without significantly affecting the particulate
backscattering estimation values at 852 nm.

The estimated bbp(852), Atype1, Atype2, and k were then
applied to simulate particulate backscattering coefficients in
other bands for both types. The scattering plots of estimated
values and measured values in six bands are shown in Fig. 7. The
results showed that the algorithm has much better estimation
accuracy at 590 nm with a relatively lower MAPE value of
25.56%, an RMSE value of 0.25 m−1 and an R2 of 0.71. The
estimation accuracy at 488 nm is slightly lower than for the
other five bands, with a MAPE of 38.71%, an RMSE of 0.19 m−1

and an R2 of 0.61. It was also found that there was an obvious

overestimation phenomenon for water type 1. In summary, the
evaluation results proved that the algorithm had acceptable
performance in estimating the particulate backscattering coeffi-
cients in turbid inland water. Furthermore, the comparison be-
tween the measured backscattering spectrum and the estimated
backscattering spectrum is shown in Fig. 8. It can be seen that,
in general, the measured backscattering spectra of the two water
types have a high consistency with the estimated results, with
a correlation coefficient greater than 0.85. Although there are
underestimations at 488 and 532 nm, the proposed algorithm can
effectively reflect the high values of backscattering coefficients
at 590 and 852 nm.

C. Comparison With Other Algorithms

Three often used methods, i.e., QAA-v6 [18], QAA-M14 [41],
QAA-750E [17], which are based on the assumption that the
backscattering spectrum following the power-law function, and
Gons’ method [40] were selected, to compare with the proposed
algorithm. And the detailed estimation accuracy information of
the four algorithms was listed in Table IV. Generally, it can be
seen that the estimation accuracy of the proposed algorithm in
this study is the highest with the lowest average MAPE and the
minimum average RMSE among all algorithms. Specifically,
the estimation accuracy of this proposed algorithm was slightly
lower than that of QAA-v6 in the blue bands (442 and 488 nm),
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Fig. 7. Comparison of (a) in situ measured bbp(442) and estimated bbp(442), (b) in situ measured bbp(488) and estimated bbp(488), (c) in situ measured
bbp(532) and estimated bbp(532), (d) in situ measured bbp(590) and estimated bbp(590), (e) in situ measured bbp(676) and estimated bbp(676), and (f) in situ
measured bbp(852) and estimated bbp(852) for both water type 1 and water type 2.

Fig. 8. Particulate backscattering spectral estimation result of a sample point in (a) water type 1 and the estimated result of a sample point in (b) water type 2.

but much better than QAA-M14. At 532 and 590 nm, the estima-
tion performance of this proposed algorithm was significantly
better than QAA-v6, especially at 532 and 590 nm, whereas was
slightly lower than that of QAA-M14. At 852 nm, excluding
Gons’ method, the QAA-v6 has the worst estimation accuracy
with the MAPE up to 39.14%, and this proposed algorithm
has the best performance with the lowest RMSE. This was
mainly because the monotonically decreasing power-law func-
tion could not express the enhancement of the backscattering
coefficients in the red or near-infrared band. Compared with

the proposed algorithm, QAA-v6 and QAA-M14, QAA-750E
had a higher R2, but there is a significant difference in mag-
nitude between its estimated values and the measured values,
with greater MAPE and RMSE. Besides, Gons [40] proposed
an algorithm to estimate the backscattering coefficient for the
near-infrared band, in which they think that the backscattering
in the near-infrared band is wavelength-independent. Therefore,
in situ measured bbp(852) was used to evaluate the estimation
accuracy of bbp(776) derived based on Gons’ algorithm. The
comparison result showed that this proposed algorithm has much
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TABLE IV
COMPARISON OF THE PROPOSED ALGORITHM IN THIS STUDY WITH QAA-V6, QAA-M14, QAA-750E, AND GONS’ METHOD

Fig. 9. Comparison of (a) in situ measured bbp(442) and OLCI-derived bbp(442), (b) in situ measured bbp(488) and OLCI-derived bbp(488), (c) in situ measured
bbp(532) and OLCI-derived bbp(532), (d) in situ measured bbp(590) and OLCI-derived bbp(590), (e) in situ measured bbp(676) and OLCI-derived bbp(676),
and (f) in situ measured bbp(852) and OLCI-derived bbp(852) for synchronous sampling points.

higher accuracy than that of Gons’ algorithm with a MAPE of
58% in the near-infrared band in inland water. From our in situ
measured data, it can be seen that the backscattering coefficient
in the near-infrared band may vary obviously when the wave-
length changes largely. The hypothesis about backscattering in
the near-infrared band may no longer be valid for inland turbid
water with high TSM concentration.

D. Spatiotemporal Variation Features of Particulate
Backscattering Properties in Lake Hongze and Lake Taihu

The developed algorithm was employed to analyze the partic-
ulate backscattering spatiotemporal variation features in Lake
Hongze and Lake Taihu using Sentinel-3A OLCI images as

a demonstration of the algorithm’s applicability. First, the
OLCI images were atmospherically corrected using the MUMM
method; 45 quasi-synchronous points with acquired OLCI im-
ages on July 22, 2016, December 7, 2017, May 18, 2017,
September 8-9, 2019 were used to evaluate the performance of
estimating backscattering coefficients using real OLCI images.
In total, 22 quasi-synchronous points can be used to evaluate the
estimation accuracy of the backscattering coefficient at 488 nm
on OLCI images. The scatterplot of OLCI-derived particulate
backscattering coefficients and measured particulate backscat-
tering coefficients in the six bands is shown in Fig. 9. It was found
that the estimation accuracy was acceptable with all MAPEs <
24.07% and RMSEs< 0.23 m−1. No significant underestimation
of the particulate backscattering coefficients was found, except
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Fig. 10. OLCI-derived average bbp(676) for four seasons in Lake Taihu and Lake Hongze generated using the proposed model from June 2016 to May 2020.

for bbp(532). The evaluation result showed that the highest
estimation accuracy is at 852 nm among all six bands, with a
MAPE of 15.77%, an RMSE of 0.12 m−1 and an R2 of 0.89,
followed by is at 676 nm, with a MAPE of 17.17%, an RMSE of
0.14 m−1, and an R2 of 0.88. The poorest estimation accuracy is
at 532 nm with a MAPE of 24.07%, an RMSE of 0.23 m−1, and
an R2 of 0.74. It can be seen that the estimation accuracy using
real OLCI images was acceptable and the developed algorithm
can be applied to mapping the backscattering coefficients in Lake
Taihu and Lake Hongze based on OLCI image.

Thus, the developed algorithm was applied to OLCI images
from June 2016 to May 2020 to explore the temporal and spatial
variation of bbp(676) in Lake Taihu and Lake Hongze because
bbp(676) can be used as an indicator of particle composition
information. All the images in each season are averaged to
obtain the spatial distribution of the four seasons as shown in
Fig. 10, and the effective pixels of all images in each month
were averaged to obtain the mean value of each month as shown
in Fig. 11. From 2016 to 2020, bbp(676) exhibited a distinct
difference in spatial and temporal distributions in Lake Taihu
and Lake Hongze. In Lake Taihu, bbp(676) was higher in the
southwest and lower in the north, as shown in Fig. 10, which
was consistent with the spatial distribution characteristics of
TSM [12], [42], [43]. The inflow rivers mainly distributed in
the west of Lake Taihu carry a large number of particles into
the lake [44], which leads to the long-term higher bbp(676). At
the same time, stronger wind in the west of Lake Taihu leads
to more sediment resuspension [45], and more small inorganic
particles result in higher bbp(676) than other regions. Spatially,
it can be observed in Fig. 10 that bbp(676) of the southern and
central regions was higher than that of the northern and western
regions in Lake Hongze. The spatial distribution of bbp(676)
in Lake Hongze was mainly affected by the discharge of input
rivers, of which the Huaihe River accounts for 70% of the total

Fig. 11. Monthly variation in bbp(676) derived from OLCI in (a) Lake Taihu
and (b) Lake Hongze from June 2016 to May 2020.

inflow [46]. Suspended sediment from the upper reaches of
Huaihe River is carried into Lake Hongze [6], [47], which leads
to higher bbp(676) in the nearby area.

Seasonal variation in bbp(676) in Lake Taihu and Lake
Hongze is illustrated in Fig. 10. bbp(676) showed remarkable
seasonal variation in both lakes, especially in Lake Taihu.
Overall, bbp(676) in Lake Taihu was higher in spring (March–
May) and winter (December–February) than in summer (June–
August) and autumn (September–November). However, since
Meiliang Bay and Zhushan Bay are dominated by phytoplank-
ton, the significant increase of phytoplankton in summer and
autumn leads to an increase in TSM [43], which makes the
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Fig. 12. Mean spectra of (a) remote sensing reflectance, (b) total particulate matter, (c) phytoplankton, (d) nonalgal particulate matter, and (e) particulate
backscattering characteristics for water type 1 and water type 2. The vertical dashed lines in the figure correspond to the wavelengths of six bands measured
by HS6.

seasonal variation of bbp(676) in these two regions different
from other regions in Lake Taihu. The seasonal variation of
bbp(676) in Lake Hongze was significantly different from that
of Lake Taihu, which was demonstrated as lower bbp(676) in
spring and winter, and higher in summer and autumn. Rain-
fall is one of the main factors affecting the concentration of
TSM in Lake Hongze, and summer and autumn are exactly the
rainy seasons. Rain causes a large number of small particles
to enter the lake, resulting in higher bbp(676) in Lake Hongze
in these two seasons. The monthly changes in bbp(676) of
Lake Taihu and Lake Hongze from June 2016 to May 2020
are shown in Fig. 11. Fig. 11 showed that bbp(676) has not
changed significantly in Lake Taihu in these five years, but
the bbp(676) in Lake Hongze has decreased significantly from
2016 to 2017. Sand mining activities have been prohibited since
2017, and the TSM concentration is thus observably lower
than that during sand mining activities [48], [49]. Furthermore,
it was also observed that the small particles are significantly
reduced [24], which will also lead to a remarkable reduction
of bbp(676).

V. DISCUSSION

A. Optical Characteristics of Water Type 1 and Water Type 2

The optical features of the two water types were extensively
studied. The remote sensing reflectance spectra of both water
types are shown in Fig. 12(a), and there are significant differ-
ences in shape and magnitude between the two water types.
The remote sensing reflectance of water type 1 was higher

than that of water type 2, especially in near-infrared bands.
Besides, the variation of remote sensing reflectance for water
type 1 was relatively low from 560 to 681 nm, whereas in
water type 2, there was a remarkable decrease of remote sens-
ing reflectance within this wavelength range. In inland water,
due to the weak absorption of pigment and strong particulate
backscattering, there is generally a reflectance peak at 560 nm
[50], [51]. However, when the concentration of TSM increases
to a certain extent, the reflectance will reach saturation within the
shortwave wavelength range, and the peak position will move
toward the longer wavelength and gradually appear in the red
band [52]–[54]. In high TSM concentration water, the remote
sensing reflectance at 620 nm, or even 665 nm, is almost always
greater than that in blue and green bands [35], [55], mainly due to
the enhanced backscattering caused by sediments or nonalgae
particles [12], [56]. Therefore, the ratio of Rrs(560)/Rrs(620)
was used to determine the water types. In water type 1, the
ratio was less than or approximately equal to 1, whereas the
ratio of Rrs(560)/Rrs(620) of water type 2 was greater than 1.
At the same time, the remote sensing of reflectance at 754 nm is
usually used to distinguish highly turbid water due to the strong
particulate backscattering at 754 nm [57], [58]. As a result, the
remote sensing of reflectance at 754 nm was also adopted to
classify water types. Balasubramanian et al. [12] determined
the water type with reflectance at 754 nm greater than 0.01 sr−1

as highly turbid water when developing inversion algorithms for
total suspended solids in inland and nearshore coastal waters. In
this study, this threshold was recalibrated and set to 0.019 sr−1

to distinguish the two water types, and the remote sensing
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reflectance at 754 nm of water type 1 was generally higher than
that of water type 2.

The average absorption spectra of total particulate matter,
phytoplankton, and nonalgal particulate matter of the two water
types are illustrated in Fig. 12(b)–(d), respectively, and the
particulate backscattering characteristics of the particles are
shown in Fig. 12(e). It can be seen that there were obvious
differences in magnitude in the absorption spectra of total
particulate matter and nonalgal particulate matter, especially
in the total absorption, and the absorption of total particulate
matter and nonalgal particulate matter at wavelengths from 400
to 800 nm in water type 1 was significantly higher than that
in water type 2, whereas the absorption spectral shapes in the
two water types were quite similar. However, the phytoplankton
absorption spectra in the two water types presented no significant
difference, as shown in Fig. 12(c). The particulate backscattering
spectra in two water types are shown in Fig. 12(e), and it can
be read that the particulate backscattering in the water type 1
is much higher than that in water type 2, and the particulate
backscattering peak at 590 nm can be found in both water types.
The largest particulate backscattering deviations between two
water types were found to be at 532 and 590 nm, which may
be caused by a significant difference in the concentration of
inorganic small particles. It was known that small particles play
a crucial role in particulate backscattering intensity at these
wavelengths [59], [60]. However, the particulate backscattering
at 852 nm is markedly stronger than that at 676 nm in water type
1, whereas in water type 2, the particulate backscattering at these
wavelengths varies slightly. In fact, the spectra of backscattering
will show spectral depressions in the particle absorption region,
and as well form the peaks at the long-wavelength side of the
strong absorption region [61]. Bricaud et al. [62] found that
the backscattering spectrum of phytoplankton is opposite to the
absorption spectrum, and the dip of backscattering often appears
near the peak of absorption. It was also found that that pigment
absorption will significantly affect the particulate backscattering
intensity [63], [64] resulting in a low particulate backscattering
intensity in bands with strong pigment absorption, such as 442
and 676 nm. The particulate backscattering dips at 442 and
676 nm appeared in our particulate backscattering spectrum
due to the strong absorption of particulate matter and strong
absorption of pigment. Therefore, it is difficult to simulate the
changes in backscattering at all bands in inland water only using
a monotonic power-law function. Regarding the characteristics
of the backscattering spectrum shape of particles in inland
water, the trigonometric function was explored to simulate the
particle’s backscattering spectral feature.

B. Algorithm’s Sensitivity to Remote Sensing
Reflectance Uncertainties

Atmospheric correction is one of the main reasons for the
uncertainty of remote sensing reflectance, which will lead to
the estimation results deviation by using the proposed algorithm
[12], [65]. Therefore, systematic errors ranged from –20% to
+20% were added to each used band to discuss the sensitivity
of the algorithm. As the systematic error of the remote sensing

TABLE V
ACCURACY ASSESSMENT OF THE PROPOSED ALGORITHM IN OTHER LAKES IN

MLYR AND THE CHESAPEAKE BAY

reflectance at each band changes, the variation of the algorithm’s
MAPE at each band is shown in Fig. 13. It can be seen that
the estimated backscattering coefficients at 442 and 488 nm
were the most sensitive to changes in remote sensing reflectance.
Especially at 488 nm, as the systematic error increases, MAPE
increases significantly. Furthermore, the algorithm was more
sensitive to changes in remote sensing reflectance at 560, 620,
754, and 865 nm. The deviation of remote sensing reflectance
at 560, 620, and 754 nm will lead to a water type misclassifi-
cation, resulting in the larger errors in estimation. Especially,
the remotes sensing reflectance at 865 nm was used to estimate
the backscattering coefficient as a reference band of the pro-
posed algorithm, and the estimation uncertainty at this band will
propagate to the other five bands. In a word, in order to obtain
more accurate temporal and spatial distribution characteristics
of the backscattering coefficients on the images, it is necessary
to find an optimal atmospheric correction algorithm with higher
correction accuracy at the six bands.

C. Applicability of the Developed Algorithm to Other Regions

To evaluate the applicability of the proposed algorithm, in-
dependent 21 samples collected in Gonghu Bay of Lake Taihu,
Lake Shijiu, and Lake Nanyi in the middle and lower reaches
of the Yangtze River (MLYR) in 2020 were used to evaluate the
applicability of the algorithm in inland water. Backscattering
coefficients at five bands (442, 532, 590, 676, and 852 nm)
were used for validation. The accuracy assessment results were
described in Table V. It can be seen that although there was
a certain overestimation, relatively high accuracy has been
achieved at all five bands. There is a good correlation (R2 > 0.65)
between the estimated results and the measured backscattering
coefficients at five bands with a lower RMSE (RMSE < 0.20
m−1). The validation results of three lakes in MLYR showed that
the proposed algorithm could be extended to other turbid inland
water. As for some clean reservoirs, such as Lake Qiandao, the
applicability still needs field data to further validate.

Furthermore, 28 samples from the Chesapeake Bay obtained
on SeaBASS with the backscattering coefficients at three bands
(450, 530, and 650 nm) were used to evaluate the applicability of
the algorithm in coastal areas. However, although the backscat-
tering characteristics of the Chesapeake Bay in some samplings
also show that the backscattering at 530 nm is slightly greater
than 450 and 650 nm, the algorithm performed poorly in the
Chesapeake Bay. The algorithm had a serious overestimation,
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Fig. 13. MAPE of the estimation results of backscattering coefficients at six bands with the errors of remote sensing reflectance at (a) 560 nm, (b) 620 nm,
(c) 674 nm, (d) 709 nm, (e) 754 nm, and (f) 865 nm.

with MAPEs > 200%, and there was no good correlation be-
tween the estimated values and the measured values (R2 < 0.3).
Therefore, the algorithm may not be suitable for the estimation
of backscattering coefficients in coastal areas, or it may be
necessary to reparameterize the coefficients of the trigonometric
function if used in coastal areas.

D. Relationship Between Particulate Features and
Backscattering Characteristics

The concentration of suspended particles has been considered
to be the main factor affecting the backscattering coefficient, and
the essential characteristics of particles such as composition
and size of particulate matter are the main contributors to the
second-order changes in backscattering coefficient [21], [66],
[67]. In previous studies, the ratio of particulate organic car-
bon to suspended particulate matter (POC/SPM) [68], the ratio
of particulate organic matter to suspended particulate matter
(POM/SPM) [69], and Chla/TSM [13], [70] have often been
used as proxies of the particle composition. Therefore, the
Chla/TSM ratio was chosen to indicate particle composition in
this study. At the same time, the median particle diameter of the
volume distribution (Dv50) is generally used to characterize the
particle size [6], [68]. Before analyzing the influence of particle
composition and particle size on backscattering characteristics,
TSM was first adopted to normalize bbp to eliminate the effect
of TSM concentration. This is denoted as bbp∗, which is called
the specific particulate backscattering coefficient. As a result,
parameters of Chla/TSM and Dv50 were employed to explore

the relationship between particle composition and size and the
characteristics of bbp∗.

A correlation analysis was thus conducted between particulate
features and backscattering characteristics, and the results are
listed in Table VI. Consistent with the results of previous studies
[1], [66], [71], TSM and ISM are the main factors affecting the
change of the backscattering coefficient, with significant positive
correlations at all six bands. There was a negative correlation
between Chla and the backscattering coefficient at the six bands,
but it was only significant at the blue band where phytoplankton
has strong light absorption.

The median particle size was weakly correlated with bbp∗, and
the absolute value of the correlation coefficient was less than 0.3.
Numerous studies [67], [72], [73] have demonstrated that parti-
cle size has a negative correlation with particulate backscattering
properties. However, the correlation between particle size and
the specific particulate backscattering coefficient that we found
in this study was not as significant as the correlation found in
their study. Theoretically, the scattering angle of small particles
to the incident light from the sun is larger, and the increase
in the concentration of small particles will lead to increased
particulate backscattering intensity [68], [74]. Meanwhile, the
reduction of the particle size will lead to an increase in the
scattering area, showing stronger particulate backscattering [67].
The particulate backscattering was obviously higher in water
with a higher concentration of small inorganic particles, which
was mainly because the assemblages with higher contributions
of small-sized particles are more likely to scatter strongly
[1], [59]. The particle size range we measured was too small
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TABLE VI
CORRELATION COEFFICIENTS BETWEEN PARTICULATE FEATURES AND BACKSCATTERING CHARACTERISTICS

Note: ∗represents p < 0.05, ∗∗represents p < 0.01.

and most of the median particle diameter was less than 20 μm.
Therefore, it may be difficult to explain the change in particulate
backscattering based on particle size in a lower span, which
is considered a second-order driving factor; thus, particle size
did not show a significant negative correlation with specific
backscattering properties. From Table VI, it can be seen that spe-
cific particulate backscattering was negatively correlated with
the ratio of Chla/TSM. As the concentration of Chla increases,
the absorption of phytoplankton will significantly increase. As
a result, the specific particulate backscattering showed a more
evident decrease with the increasing ratio of Chla/TSM. Neuk-
ermans et al. [69] found that POC/(POC + PIC) and POM/SPM
exhibit a significant negative correlation with bbp∗ in coastal and
offshore waters around Europe and French Guyana. At the same
time, bp∗ was found to show a slight decrease with an increase
in POC/SPM in the nearshore marine environment at Imperial
Beach, California, in Wozniak’s research [68]. In other words,
there is generally a negative correlation between the particle
composition and specific particulate backscattering intensity in
inland turbid lakes, which is consistent with the results of other
similar studies conducted in coastal or ocean regions.

VI. CONCLUSION

Estimating the particulate backscattering characteristics of
inland water is still a challenge due to the lack of a reliable
estimation algorithm suitable for inland water with complex
optical properties. Based on the various characteristics of in situ
measured backscattering with wavelength, a backscattering es-
timation algorithm was developed to estimated backscattering
coefficients in turbid inland water. In the proposed algorithm,
trigonometric functions instead of power-law functions were
used to estimate the backscattering coefficients at different
bands. First, according to the characteristics of the backscat-
tering spectrum changing with TSM, Rrs(560)/Rrs(620) and
Rrs(754) were used to distinguish water types: high TSM con-
centration water (water type 1) and low-moderate TSM concen-
tration water (water type 2). The backscattering coefficients at
all bands of water type 1 could be simulated with a trigonometric
function, whereas the backscattering features of water type

2 in the near-infrared band could be simulated with a linear
function, and in the visible band, it also could be simulated with a
trigonometric function. Comparison with QAA-v6, QAA-M14,
QAA-750E and Gons’ method showed that the accuracy of the
proposed algorithm was pretty well in inland water, with all
MAPEs and RMSEs in six bands being less than 40% and
0.25 m−1, respectively. Finally, the proposed algorithm was
successfully applied to OLCI images to obtain the spatial and
temporal distribution of particulate backscattering in Lake Taihu
and Lake Hongze. In Lake Taihu, bbp(676) in winter and spring
was higher than that in summer and autumn, whereas in Lake
Hongze, bbp(676) in summer and autumn was higher than that in
winter and spring. The interannual variation of bbp(676) in Lake
Hongze had a significant decrease in 2017 due to the prohibition
of sand mining activities. The results demonstrated that the
algorithm was more sensitive to remote sensing reflectance at
560, 620, 754, and 865 nm. The developed algorithm provided an
effective method for the remote sensing estimation of particulate
backscattering coefficients in inland waters with complex optical
properties, and can thus be further used to acquire particle
information in inland waters on a large scale.
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