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a b s t r a c t
Water clarity (expressed as Secchi disk depth (SDD)) reﬂects light transmission capacity of a water body
and inﬂuences growth of aquatic plants, aquatic organisms, and primary productivity. Here, we calibrated
and validated a general model based on Landsat series data for deriving SDD of various inland waters
across China. The quality of remotely sensed reﬂectance products from different Landsat series images
was assessed using in situ reﬂectance measurements. The results indicated that the products in the visible
bands are the most robust and stable to estimate SDD for inland waters. Subsequently, a simple power
function model based on red band was built using 887 pairs of in situ SDD measurements and concurrent
Landsat images. The model was validated with an independent dataset of 246 SDD measurements, and
the results showed that the mean relative error and normalized root mean square error were 34.2% and
55.4%, respectively. Finally, the model was applied to Landsat images acquired between 2016 and 2018
to investigate the SDD spatial distribution of all lakes with water area ≥ 10 km2 (total 641 lakes) in
China. The estimation results demonstrated that the Eastern Plain Lake Zone and Northeast Plain Lake
zone have relatively low SDD, with multiyear average SDD of 0.56±0.17 m and 0.47±0.29 m, respectively.
The Yunnan-Guizhou Plateau Lake Zone and Tibetan Plateau Lake Zone have relatively high SDD, with
multiyear average SDD of 1.48 ± 0.86 m and 1.30 ± 0.83 m, respectively. The results indicated that the
proposed model exhibits strong ability to accurately construct SDD coverage for various lakes.
© 2021 Elsevier Ltd. All rights reserved.

1. Introduction
Water clarity is characterized for the depth at which a standard white and black Secchi disk disappears from view when lowered into the water and thus commonly expressed as Secchi disk
depth (SDD) (Fee et al., 1996). SDD is a comprehensive proxy for
trophic state of aquatic ecosystems and provides a practical measure of water quality because it is controlled by suspended matter,
algae and dissolved organic matter in the water column (Lisi and
Hein, 2019). SDD governs underwater light ﬁeld and thereby inﬂuences growth of aquatic plants, aquatic organisms, and primary
productivity (Zhang et al., 2015).
The most accurate and commonly used manner of documenting
SDD is ship-based sampling. However, the traditional ship-based
observation method is insuﬃcient at certain temporal and spatial
scales for trend analysis. Especially for inland waters located in
remote areas, collection of SDD would still be nearly impossible
without aquatic vehicles. The tight relationships between optically
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active constituents and SDD provide possibility to capture SDD information through remote sensing approach (Lee et al., 2015). Remote sensing has been widely used to quantify the spatiotemporal
dynamics of SDD at regional scale with different approaches and
various satellite data (Preisendorfer, 1986; Olmanson et al., 2008;
Doron et al., 2011; Lee et al., 2015).
There are three approaches for remote sensing of SDD including analytical (Tyler, 1968; Preisendorfer, 1986), semi-analytical
(Gordon et al., 1984; Doron et al., 2007; Wang et al., 2009;
Gallegos et al., 2011; Lee et al., 2015; Lee et al., 2016) and empirical
methods (Wu et al., 2008; Olmanson et al., 2008; Mancino et al.,
2009; Wu et al., 2009; Duan et al., 2009; Allan et al., 2011;
Doron et al., 2011; Guan et al., 2011; Mccullough et al., 2013;
Dona et al., 2014; Olmanson et al., 2015; Binding et al., 2015).
Theoretically, SDD is inversely proportional to diffuse attenuation (Kd , m − 1 ) and beam attenuation (c, m − 1 ) in the water
(Gallegos et al., 2011; Lee et al., 2015; Lee et al., 2016). In analytical methods, satellite images are preprocessed to achieve accurate
atmospheric correction using the corresponding radiative transfer
models before mapping SDD. The analytical methods require strict
theoretical derivation and are challenging because instantaneous
atmospheric conditions and initial parameter values are diﬃcult to
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acquire (Giardino et al., 2007). In semi-analytical methods, hyperspectral scanner data from in situ measurements, airborne images,
and satellite hyperspectral images are usually applied to establish
the reﬂectance curve of the studied water body. The spectral bands
corresponding to SDD value are then determined according to the
characteristics of the reﬂectance curve (Abd-Elrahman et al., 2011).
The most commonly used semi-analytical methods involve deriving the absorption and backscattering coeﬃcients of water substances (such as suspended matter, algae and dissolved organic
matter) from the water surface reﬂectance (Gordon et al., 1988;
Lee et al., 2016). These derived parameters are then used to calculate Kd or other related parameters such as turbidity, and total suspended matter concentration (TSM). The semi-analytical methods
have complex parameterization processes and high spectral resolution requirements for satellite data, which severely limited their
application for deriving water clarity (Cao et al., 2017). The empirical relationships between Kd , c, SDD and reﬂectance in visible or
near-infrared (NIR) wavelengths of a single band, band ratios, or
multiple bands can simplify the calculation of the SDD from remote sensing signals (Kratzer et al., 2008). However, the band selection usually varied with the optical properties of water environment, and it is challenge to generate a uniform estimation model
for various types of water based on limited datasets. For example,
Alikas and Kratzer (2017) suggested that the less absorbing portions in short visible wavelengths are more suitable for clear ocean
water. However, Wang et al. (2009) and Shi et al. (2015) showed
that for optically-complex waters the reference band should be in
the red part of the spectrum rather than in the green which is only
appropriate for case 1 waters. Kabiri and Moradi (2016) noted that
the combination of linear terms of several single bands and band
ratios could increase the precision of the model in coastal water.
Mainstream ocean color satellites, such as the Coastal Zone
Color Scanner (CZCS), Sea-viewing Wide Field-of-view Sensor (SeaWiFS), Moderate-resolution Imaging Spectroradiometer (MODIS),
Medium-resolution Imaging Spectrometer (MERIS) and Geostationary Ocean Color Imager (GOCI) have been widely used to monitor
quality of inland waters (Doron et al., 2011; Binding et al., 2015;
Feng et al., 2019; Xu et al., 2019). Ocean color satellites can provide high temporal resolution and multichannel remotely sensed
data. However, the spatial resolution of ocean color satellite sensors is coarse, and most inland water are too small to be mapped.
The Sentinel satellite data were characterized with high temporal
(> 1.4 day) and spatial resolution (> 10 m), while it only operates 6 years. In contrast, the unique 30-m spatial resolution and
long-term records of Landsat data enable the high spatial resolution and long-term mapping of lake SDD. Previous studies have
empirically developed several models based on Landsat series data
to map SDD for inland and coastal waters (Olmanson et al., 2008;
Dona et al., 2014; Page et al., 2019). However, the calibration and
validation datasets used in these studies are collected from one,
two or a few lakes within a small geographical region, failing to
generate a uniform model for the systematic assessment of SDD at
continental/global scale.
Therefore, we attempt to assess the quality of remotely sensed
reﬂectance products from different Landsat series images, construct a general SDD model at the continental scale (105 –106 km2 )
based on extensive in situ SDD and Landsat remote sensing reﬂectance from 225 China lakes, and explore the spatial variation of
lake SDD in China from 1986 to 2018. The SDD variation of lakes
are often early warning indicators of signiﬁcant local, regional, or
global changes. Understanding SDD patterns is necessary for designing effective management and remediation strategies.

2. Materials and methods
2.1. Study area
According to the lake origin, topography, geomorphology and
climatic characteristics, the lakes in China have been divided into
ﬁve lake zones: (1) the Tibetan Plateau Lake Zone (TPL), (2) the Inner Mongolia-Xinjiang Lake Zone (IMXL), (3) the Eastern Plain Lake
Zone (EPL), (4) the Northeast Plain Lake zone (NPL), and (5) the
Yunnan-Guizhou Plateau Lake Zone (YGPL) (Wang and Dou, 1998).
The TPL and IMXL are located in internal drainage systems in
arid or semiarid climate regions. The other three zones (NPL, YGPL
and EPL) are external drainage systems in the Asian monsoon climate region (Ma et al., 2010). The TPL has the largest water surface area (41,832 km2 ) and number of lakes (1055) based on the
most recent national lake investigation from 20 05–20 06 (Ma et al.,
2010). Moreover, the TPL has the fast growing and newest lakes
due to annual snow accumulation and accelerated glacial melting
(Zhang et al., 2019). Most TPL lakes are oligotrophic with high SDD
values (Liu et al., 2017). Because of the high elevation (> 40 0 0 m)
and sparse population of the TPL region, the water environment in
this region is almost unaffected by human activities (Zhang et al.,
2019).
In contrast, the EPL and IMXL have a moderate water surface
area (21,053 km2 ; 12,590 km2 ) and a moderate number of lakes
(634; 514) based on the most recent national lake investigation
from 20 05–20 06 (Ma et al., 2010). Moreover, many lakes have
shrunk or vanished due to agricultural activities, lake reclamation,
the expansion of lake-side development and enclosures in the EPL
and IMXL (Ma et al., 2010). Additionally, the water quality of many
EPL lakes has deteriorated due to intensive anthropogenic activities
in the past decades. For example, long-term satellite investigations
indicated that the SDD of Lakes Taihu, Hongzehu, and Liangzihu
decreased at rates of 0.5 cm/yr, 0.9 cm/yr and 5.0 cm/yr (Shi et al.,
2018; Xu et al., 2018; Li et al., 2019) in response to chemical fertilizer use, wastewater discharge and sand dredging activities, respectively. The current decrease in aquatic vegetation caused by
urbanization and tourism development may accelerate the deterioration of water quality and shift from the macrophyte-dominated
ecosystem to phytoplankton-dominated ecosystem (Zhang et al.,
2017).
The NPL and YGPL have a relatively small water surface area
(4700 km2 ; 1240 km2 ) and a small number of lakes (425; 65)
compared with the other regions based on the most recent national lake investigation from 20 05–20 06 (Ma et al., 2010). Most
NPL lakes are characterized by shallow depths and low water
clarity (Duan et al., 2009). NPL lakes are mainly surrounded by
agricultural, cropland, and forest areas (Zhang et al., 2019). The
physicochemical properties of lakes are strongly related to the land
cover around lakes (Zhao et al., 2017). YGPL is characterized by a
long water exchange cycle and vulnerable ecosystem (Zhang et al.,
2019). Recently, many lakes in YGPL are suffering from accelerating eutrophication (Zhou et al., 2016). The phytoplankton and
zoobenthos (macroinvertebrate) species richness have also significantly decreased (Zhou et al., 2016). Increasing human activities,
such as land reclamation and agricultural practices, may aggravate
the changes in these lakes (Zhou et al., 2016; Zhang et al., 2019).
2.2. Sampling sites and SDD measurements
Four datasets of the in situ SDD were collected (Table S1): 1)
864 pairs of in situ measured SDD and Landsat images for 170

2

Y. Zhang, Y. Zhang, K. Shi et al.

Water Research 192 (2021) 116844

Fig. 1. Distribution of sampling sites for SDD model construction.

lakes from the second nationwide lake investigation from 2005 to
2010 (73 pairs in 22 NPL lakes, 750 pairs in 98 EPL lakes, 7 pairs
in 3 IMXL lakes, and 34 pairs in 9 YGPL lakes); 2) 319 pairs of
in situ measured SDD and Landsat images for 39 EPL lakes from
traditional sampling performed between 2017 and 2018; 3) 774
pairs of in situ measured SDD and images collected from routine
site-speciﬁc observations of Lake Qiandaohu (N = 255), Lake Taihu
(N = 431), Lake Fuxianhu (N = 52), and Lake Luguhu (N = 36); and
4) 354 pairs of in situ measured SDD and images collected from
the literatures (70 pairs in 7 NPL lakes, 36 pairs in 29 YGPL lakes,
201 pairs in 6 IMXL lakes, and 47 pairs in 25 TPL lakes). A total
of 2311 pairs of in situ measured SDD and Landsat remote sensing
reﬂectance data from the ﬁve geographic lake zones in China were
used to calibrate and validate the SDD model (Fig. 1). The time
interval between in situ measurements and satellite observations
ranged from 0 to 76 days, the lake area ranged from < 1 km2 to >
40 0 0 km2 , and the water depth ranged from < 1 m to > 150 m.
Measurement of SDD at the sampling stations shown in
Fig. 1 was undertaken using a circular white-and-black disk with
30 cm diameter on the shady side of the boat to avoid direct sunlight reﬂections from the water surface (HELCOM. 2017). At each
station, the depth at which the Secchi disk cannot be observed
by the human eye of an observer when deployed in the water is
recorded as an SDD value (Fee et al., 1996). The in situ SDD were
collected between 9:0 0 and 16:0 0 Beijing time (China) to avoid the
effect of low sunlight. The detailed information of the ﬁeld data
was shown in Table S1.

voir, Taihu, and Yangchenghu that were synchronized with Landsat 7, 9 ﬁeld campaigns in Lake Dongpinghu, Dianshanhu, Gaoyouhu, Hanzhou bay, Qiandaohu, Shijiuhu, Taipinghu, Wabanghu,
and Yangchenghu that were synchronized with Landsat 8 (Table
S2, Fig. S1). The measured waters cover a wide range of SDD from
clear to turbid and highly turbid water, we therefore used the
in situ measurements from these waters to evaluate the performance of Landsat reﬂectance products and previously published
SDD models.
The spectra measurements were obtained between 10:00 and
15:00 Beijing time (China). Total upwelling and downwelling radiance were collected with an Analytical Spectral Devices spectrometer (ASD, Inc., Boulder, CO). The spectra ranged from 350 nm to
1050 nm at 1-nm intervals. The ﬁrst downwelling radiance measurement from the reference panel (Lp1 (λ, 0+ )) was collected prior
to hydrologic and atmospheric spectral collection. The total radiance above water surface (Ls w (λ, 0+ )) were measured at a nadir
view angle of 30–45° and an azimuth angle of 90–135°. After measuring the water spectra, the spectrometer was rotated upwards to
90–120° to measure the downwelling sky radiance (Lsky (λ)). Finally,
the second downwelling radiance measurement from the reference
panel (Lp2 (λ, 0+ )) was collected. The average of two measurements
of downwelling radiance from the reference panel (Lp (λ, 0+ )) were
used to calibrate the upwelling radiance.
The remote sensing reﬂectance above the water surface (Rrs (λ,
0+ )) were calculated by the ratio of the upwelling water-leaving
radiance Lw (λ, 0+ ) to the downwelling irradiance Ed (λ, 0+ ) according to the formulas, as:

2.3. In situ measured remote sensing reﬂectance
The water spectra measurements included 6 ﬁeld campaigns
in Lake Dongpinghu, Dianshanhu, Gaoyouhu, Longwangshan reser-

Rrs (λ, 0+ ) =
3

Lw (λ, 0+ )
Ed (λ, 0+ )

(1)
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The Lw (λ, 0+ ) was derived according to the formulas, as:

Lw (λ, 0+ )=Lsw (λ, 0+ ) − rsky × Lsky (λ )

5 m/s) and no precipitation occurred in a few days before the transit of the satellite (Feng et al., 2019).
Olmanson et al. (2008) found that the model coeﬃcient did
not change signiﬁcantly when the time gap between the in situ
measurement and satellite transit increased within a few days and
that a large dataset of ground observations with long time gaps
did not reduce the accuracy but offset some of the loss of correlation. We also found that more ground observations with longer
time gaps improved the calibration of the SDD model when in
situ data were insuﬃcient. For example, for comparisons of models with time gaps of ± 3 and ± 7 days, the number of ground
observations in TPL increased from 10 to 41, but the R2 value decreased from 0.80 to 0.72 and the normalized root mean square
error (NRMSE) decreased from 61.2% to 53.6%. This result occurs
because the water clarity or SDD does not exhibit large ﬂuctuations under stable hydrometeor conditions within a given time interval, especially for TPL lakes, which are less affected by human
activity when compared with NPL and EPL lakes (Stadelmann et al.,
2001; Zhang et al., 2019). To clarify the impact of time intervals on
the accuracy of SDD estimation in China, we evaluated the accuracy of the models at different time intervals and ﬁnally selected
the single band or band combination with the highest accuracy to
construct the remote sensing estimation model for lakes in China.

(2)

Where rsky is the reﬂectance of skylight at the water-air interface, the rsky was taken as 2.2% for calm weather, 2.5% for wind
speed of up to 5 m/s, and 2.6–2.8% for wind speed of about to
10 m/s (Tang et al., 2004).
The Ed (λ, 0+ ) was related to the averaged radiance of reference
panel Lp (λ, 0+ ) according to the following formula:

Ed (λ, 0+ ) =

π × Lp (λ, 0+ )
ρρ ( λ )

(3)

Where the ρρ (λ ) is the reﬂectance of the reference panel.
2.4. Image acquisition and processing
This study used Landsat 5 TM, 7 ETM+, and 8 OLI surface reﬂectance images of the entire country from the Google Earth Engine platform (Gorelick et al., 2017). The surface reﬂectance images
were atmospherically corrected from raw digital values in Landsat
Ecosystem Disturbance Adaptive Processing System (LEDAPS) and
Landsat Surface Reﬂectance Code (LaSRC) software (Schmidt et al.,
2013). LEDAPS and LaSRC requires a variety of atmospheric inputs,
such as 6S model outputs, the digital elevation, the surface pressure, total column ozone, temperature and water vapor, to constrain the atmospheric model (Kalnay et al., 1996). For each image,
a quality control band was assigned to remove the cloud, shadow,
and snow pixels. The solar azimuth and zenith angles of each image were used with the Shuttle Radar Topography Mission digital
elevation model (DEM) to simulate and remove terrain shadows in
the Google Earth Engine platform (Farr et al., 2007). The remote
sensing reﬂectance (Rrs ) was obtained by dividing the surface reﬂectance by π (3.14).
The global water occupancy frequency dataset was used to
identify lake surfaces (Pekel et al., 2016), and the dataset was generated using more than 3865,0 0 0 scenes from Landsat TM, ETM+,
and OLI between 1984 and 2015. The dataset contains 30 m spatial resolutions, with information on water occurrence frequency,
absolute change in occurrence between two speciﬁc epochs (1985–
1990; 2010–2015), and seasonality variation. We retained the original frequency values and assumed occurrence frequencies of ≥75%
in identifying permanent water surfaces. The occurrence frequencies of ≥75% have been reported to be appropriate for identifying permanent water surfaces in the United States of America
(Zou et al., 2018). Water surfaces were then clipped by enlarged
lake boundaries of China with a 2 km buffer to separate the permanent lake surfaces from rivers and ponds.
These cloud-free Landsat 8 images in the nonfreezing period
from June to October between 1986 and 2018 were then clipped
by the extracted lake boundaries and mosaiced to obtain a contiguous region of the lakes in China. We ﬁnally generated an averaged SDD map for 641 lakes in China with water area ≥10 km2 in
recent period of 2016–2018.

2.6. Statistical analyses
The mean value calculations, linear and nonlinear regressions,
and t-test were performed in MATLAB R2012a software. The t-tests
with P<0.05 were reported as signiﬁcant.
To evaluate the performance of the surface remote sensing reﬂectance and SDD model, we used the determination coeﬃcient
(R2 ), mean relative error (MRE), root mean square error (RMSE),
and NRMSE in this study:

MRE = 100% ×

N
1  Xesti,i − Xmeas,i
|
|
N
Xesti,i

(4)

i=1


RMSE =

N
1
(Xesti,i − Xmeas,i )2
N

(5)

i=1


100% ×

1
N

NRMSE =
1
N

N

i=1
N

i=1

(Xesti,i − Xmeas,i )2
(6)
Xmeas,i

where Xesti and Xmeas are the estimated and measured values, respectively, and N is the number of values included in the calculation.

3. Results
2.5. Model calibration and validation
3.1. Distribution of in situ SDD
To determine sensitive band for model calibration and validation, the matching pairs of in situ and Landsat observations were
selected following the rules: 1) the time interval between in situ
and Landsat observations was set within 1 day; 2) the spatial window was set with 3 × 3-pixel centered over the in situ site; 3) the
matching pairs were selected where the euphotic depth is obviously lower than water depth to avoid the reﬂectance contribution
from lake bottom; 4) the matching pairs were selected under stable weather conditions. For example, the wind speed was low (<

Our SDD dataset was distributed in the ﬁve lake zones with the
SDD values ranging from 0.04 to 14 m, with a median value of
0.54 m and mean SDD value of 1.23±1.96 m. The order of mean
and median SDD in the ﬁve lake zones is as follows: TPL (mean:
4.47 m; median: 3.20 m) > IMXL (2.73 m; 2.01 m)> YGPL (1.41 m;
0.79 m) >EPL (0.67 m; 0.48 m) >NPL (0.40 m; 0.27 m). Specially,
the TPL has generally high SDD with smaller coeﬃcient of variation
when compared with other zones (Table 1).
4
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Table 1
Statistics of the measured SDD for NPL, EPL, IMXL, YGPL, TPL, and China. Coeﬃcient of variation (CV) = Stdev./Mean.

Min (m)
Max (m)
Mean (m)
Median (m)
Stdev (m)
CV

NPL (n = 143)

EPL (n = 1755)

IMXL (n = 208)

YGPL (n = 158)

TPL (n = 47)

China (n = 2311)

0.04
1.45
0.40
0.27
0.36
0.90

0.11
5.33
0.67
0.48
0.69
1.04

0.22
11.15
2.73
2.01
3.50
1.28

0.20
7.97
1.41
0.79
1.62
1.15

0.50
14.00
4.47
3.20
3.43
0.77

0.04
14.00
1.23
0.54
1.96
1.59

sults are comparable.

3.2. Validation of the Landsat reﬂectance products

−1.26

SDD = 0.0046Rrs (red )

In this study, Landsat reﬂectance products from several lakes
in China were assessed by in situ measured remote sensing reﬂectance. The result showed that both types of Rrs displayed similar variation trends at the different wavelengths (Fig. 2). The sampling information and accuracy (mean relative error, MRE) of Rrs at
each band were listed in the Table S2. The Rrs from the Landsat 7
and Landsat 8 products were consistent to the in situ measured reﬂectance values and the uncertainty levels in visible bands (Deep
blue: 11.17%, Blue: 10.77%, Green: 9.57%, and Red: 8.72%) could be
acceptable according to previous studies (uncertainty: 10%−30%)
(Guanter et al., 2010; Xu et al., 2019; Yu et al., 2019). Thus, the
products can be used for remote sensing estimations of water quality in inland waters.

(7)

The dataset used for model calibration contains 887 sample
pairs, and the SDD values ranged from 0.01 to 14 m, with a mean
value of 1.57±1.95 m (Fig. 5a). The dataset used for model validation included 246 sample pairs, and the SDD values ranged from
0.05 to 6.70 m, with a mean value of 1.51±1.74 m (Fig. 5b). For
the validation dataset, the regression plots closely match the 1:1
line, and all scatter points are within the 95% predictive interval.
In addition, the R2 , MRE and NRMSE are 0.73, 34.2% and 55.4%, respectively. Thus, a power function model based on the red band of
Landsat reﬂectance provides a reliable estimate of the SDD, and the
combined database provides a reasonable estimate for each lake
zone.
3.4. SDD mapping of lakes in China as an example

3.3. Model calibration and validation
We detected the spatial characteristics of SDD in the nonfreezing period from June to October between 2016 and 2018 using cloud-free Landsat 8 images and generated an averaged SDD
map for lakes in China with water area ≥10 km2 in this period
(Fig. 6a-f). The average SDD of the ﬁve zones and all lakes in China
were summarized graphically in histogram plots (Fig. 6g). The EPL
(N = 130) and NPL (N = 49) have relatively low SDD, with multiyear average SDD of 0.56±0.17 m and 0.47±0.29 m, respectively.
The YGPL (N = 13) and TPL (N = 380) have relatively high SDD,
with multiyear average SDD of 1.48 ± 0.86 m and 1.30 ± 0.83 m,
respectively. The IMXL (N = 69) and all lakes in China (N = 641)
have moderate SDD values, with multiyear average SDD of 0.82 ±
0.57 m and 1.03 ± 0.73 m, respectively (Fig. 6).
The statistics of lakes with water area larger than 10 km2 in
four categories of SDD ((0–0.5] m, (0.5–1] m, (1–2] m and (2–9)
m) (Fig. 6h) indicate that most lakes in NPL (83%), EPL (60%), and
IMXL (40%) have an average SDD less than 0.5 m, while most lake
(31%) in TPL have an average SDD between 1 and 2 m, and more
than half of YGML lakes have an average SDD value between 0.5–
1 m. From the perspective of lakes in China, 40% of lakes have an
average SDD value less than 0.5 m, and the number of lakes shows
decreasing trend with the increase of transparency.

The R2 between the remote sensing reﬂectance of six Landsat
bands and concurrent in situ SDD with an interval of ≤ 1 day
tends to increase with the wavelength in the visible band, and
the highest correlation was observed between the SDD and remote sensing reﬂectance in the red band. The R2 then signiﬁcantly
decreases in the NIR and SWIR bands. Four different mathematical formulations (linear, exponential, logarithmic and power law
formulations) were used to model the in situ measured SDD and
Landsat remote sensing reﬂectance. The results indicated that the
power function model exhibited better performance than the other
models (Fig. 3a). In addition, the estimation accuracy was closely
related to the interval between the imaging and sampling time.
Within 12 days interval, our dataset results showed the R2 gradually decreased within the time interval (Fig. 3b). When the time
interval was more than 12 days, the accuracy of the model tended
to decrease slightly with increasing time interval but maintain a
low accuracy. The accuracy of the model was inversely related to
the time interval. A large time interval yielded high error resulting
from the inconsistency between the imaging and sampling times,
which inﬂuenced model calibration. However, if the time interval
is too small, only a few samples will be included for model calibration, which may reduce the accuracy and stability of the model.
Tables S3-S5 show the R2 of the models with a single band or
band combination within time intervals of ±3, ±7, and ±10 days.
The results indicate that when the time interval is within ±7 days,
the estimation model not only achieves satisﬁed accuracy but also
ensures that suﬃcient numbers of sample pairs from the ﬁve lake
zones (TPL: 41; YGPL: 107; IMXL: 121; EPL: 776; and NPL: 88)
are included. With this interval time (±7 days), the R2 values of
the power function model based on the red band of Landsat reﬂectance for the ﬁve lake zones in Eq. (7) ranged from 0.68 to 0.83,
and R2 =0.70 for the entire dataset (Fig. 4), indicating a consistent
and strong relationship between the in situ-measured and Landsatderived SDD. The scatter points were mainly within the 95% predictive interval for each lake zone and combined dataset (Fig. 4),
indicating that the in situ-measured and Landsat-derived SDD re-

4. Discussion
4.1. Model implication and comparison
The reﬂectance in the red region shows satisfactory accuracy
in estimating the SDD of lakes in China. In this spectral region,
the total absorption coeﬃcient is almost immune to particle variation and is primarily associated with pure water. Therefore, the
Rrs variability in this spectral region is dominated by the backscattering coeﬃcient of particles, bbp , which is directly proportional
to the particle concentration or inversely proportional to SDD
(Nechad et al., 2010; Loisel et al., 2014). Previous studies have
shown that red spectra-based models can be used to estimate SDD
and the related parameters such as turbidity, TSM concentration
5
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Fig. 2. Comparison between ASD-simulated reﬂectance and remote sensing reﬂectance of Landsat 7/8 for lakes in China.

and diffuse attenuation coeﬃcient with good accuracy in moderately turbid lakes/reservoirs and coastal waters (Kratzer et al.,
2008; Shi et al., 2015; Hou et al., 2017). Using the red spectra
as a reference band could reduce the RMSE and increase the R2
in deriving SDD and the related parameters (Nechad et al., 2010;
Alikas and Kratzer 2017). Martinez et al. (2015) indicated that the
dispersion of Kd (λ) at 650 nm remained relatively stable across the
entire TSM range, and a close linear relationship was found between Kd (650) and TSM in all of the studied rivers and ﬂoodplain

lakes of the Amazon Basin. Alikas and Kratzer (2017) noted that
the reﬂectance in the short visible spectra provides accurate SDD
estimations in clear ocean waters and that the small amount of optical substances may result in maximum light penetration in this
spectral region. However, the maximum light penetration shifts towards the red spectra in turbid waters. At maximum light penetration, the total absorption coeﬃcient is constant and dominated by
pure water. Under this condition, the particulate concentration and
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Fig. 3. Sensitivity analysis of Landsat bands (interval ≤1 day) (a) and the variation of determination coeﬃcient in the model within the sampling interval (b).

Fig. 4. Performance of the power function model based on the red band of Landsat in EPL (a), NPL (b), YGPL (c), IMXL (d), and TPL (e) and for all lakes in China (f).
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Fig. 5. Calibration (a) and validation (b) of SDD estimation model.
Table 2
Performance comparison of different SDD estimation models used in previous studies.
Models
∗

SDD=a (TM2)
SDD= a∗ TM4+b
SDD=exp[a∗ TM1+b∗ TM2+c]
SDD=a∗ TM1+b∗ TM3+c∗ TM4+d
SDD=a∗ TM3/TM2+b∗ TM1/TM2+c∗ TM1+d∗ TM2/TM1+e
SDD=a∗ TM33 +b∗ TM32 +c∗ TM3+d
SDD=a∗ TM1/TM2+b
SDD=a∗ TM1/(TM1+TM2+TM3)+b
Ln(SDD)=a∗ (TM1/TM3)+b∗ TM1+ c
ln(SDD) = a∗ TM3+b
ln(SDD) =a∗ ln (TM3/ TM2) +b
ln(SDD) = a∗ ln(TM3/ TM1)+b
SDD= a∗ (TM1/TM3) + b(TM3) +c
SDD=a∗ TM1/TM3+b∗ TM1+c
SDD=a∗ TM3+b
ln(SDD) = a∗ ln(TM3)+b
SDD = a∗ Rrs(550)3 + b∗ Rrs(550)2 + c∗ Rrs(550)+d
SDD = a∗ (TM3)b
b

a

b

c

d

e

RMSE (m)

R2

Ref.

0.009
−22.67
2.67
1.32
−2.48
−3725.31
6.48
13.15
1.37
−22.13
−5.03
−3.49
1.99
2.29
−29.72
−1.25
−2975.89
0.0046

−1.69
2.55
−24.24
−29.05
2.78
1326.00
−3.96
−3.43
−13.42
1.23
3.4
2.87
−14.76
−16.39
3.53
−3.97
1314.35
−1.26

/
/
1.61
−3.23
−25.07
−153.14
/
/
−1.02
/
/
/
0.08
−0.14
/
/
−184.34
/

/
/
/
3.55
−2.44
6.67
/
/
/
/
/
/
/
/
/
/
8.61
/

/
/
/
/
5.78
/
/
/
/
/
/
/
/
/
/
/
/
/

1.15
1.70
1.35
1.42
1.16
1.20
1.64
1.49
0.67
0.70
0.80
0.73
1.26
1.24
1.42
0.63
1.14
0.63

0.68
0.20
0.62
0.44
0.63
0.60
0.25
0.39
0.67
0.64
0.54
0.61
0.56
0.57
0.44
0.71
0.64
0.73

(Dona et al., 2014)
(Allan et al., 2011)
(Wu et al., 2008)
(Cózar et al., 2005)
(Mancino et al., 2009)
(Allee and Johnson 1999)
(Doron et al., 2011)
(Harma et al., 2001)
(Olmanson et al., 2008)
(Wu et al., 2009)
(Duan et al., 2009)
(Duan et al., 2009)
(Guan et al., 2011)
(Olmanson et al., 2015)
(Mccullough et al., 2013)
(Dekker and Peters 1993)
(Binding et al., 2015)
Our model

a, b, c, d, and e are the coeﬃcients of the adjusted models used in regression analysis.

related parameters can be correctly derived from remote sensing
reﬂectance.
To understand how the reﬂectance error will inﬂuence the
SDD estimation, we artiﬁcially introduced the error of ± 5% into
Rrs (red). The result in Table S6 showed that the MRE variation of
the SDD estimation in each lake zone and the entire China were
no more than 6% when the error was introduced into Rrs (red), indicating that the established model was robust for lakes in China.
These ﬁndings show that the derived SDD based on the red-band
model is reasonably accurate and can be used to produce other remote sensing products, such as the TSM concentration and diffuse
attenuation coeﬃcient.
The sensitivity indices in previous studies were used to construct the relationship between Rrs (λ) and the SDD, and the performance of these adjusted models (Dekker and Peters, 1993;
Allee and Johnson, 1999; Harma et al., 2001; Cózar et al., 2005;
Wu et al., 2008; Olmanson et al., 2008; Mancino et al., 2009;
Wu et al., 2009; Duan et al., 2009; Allan et al., 2011; Doron et al.,
2011; Guan et al., 2011; Mccullough et al., 2013; Dona et al.,
2014; Olmanson et al., 2015; Binding et al., 2015) was compared
(Table 2). In summary, the models based on the green and red
bands of Landsat reﬂectance such as the single band models
(Dekker and Peters, 1993; Wu et al., 2009), the exponential model
(Dona et al., 2014), the band ratio model (Mancino et al., 2009),
and the combined model (Olmanson et al., 2008) worked well

for lakes in China. Finally, we compared the above models with
the model constructed in this paper. The results indicate that the
model constructed in this paper has obvious advantages in terms
of the R2 and/or the RMSE.
The semi-analytical method was used to derive the SDD by
calculating the absorption coeﬃcient and scattering coeﬃcient
of suspended matter (ap (λ) and bbp (λ)). The improved quasianalytical model (QAA) (Table S7) was applied to turbid water to derive ap (λ) and bbp (λ) by altering the reference wavelength to 710 nm (Le et al., 2009). Fig. 7 compares the in situmeasured SDD and the improved QAA-derived ap (490), bbp (490),
and 1/(ap (490)+c∗ bbp (490)) values for Hangzhou Bay (Fig. 7a-c),
Lake Taihu (Fig. 7d-f), and Lake Qiandaohu (Fig. 7g-i). The c in the
combination of 1/(ap (490)+c∗ bbp (490) is the optimal ﬁtting coefﬁcient, which can be obtained by multivariate linear ﬁtting between the in situ SDD and QAA-derived ap (490) and bbp (490) values. The results indicate that the improved QAA-derived ap (490)
value is signiﬁcantly correlated with the in situ-measured SDD values in Hangzhou Bay and Lake Qiandaohu (P<0.001). The MRE,
RMSE, and NRMSE between the ap (490)-derived and in situ SDD
were 37%, 0.09 m, and 42% for Hangzhou Bay and 31%, 1.42 m,
and 29% for Lake Qiandaohu, respectively. However, the improved
QAA-derived ap (490) is not signiﬁcantly correlated with the in
situ SDD in Lake Taihu (P = 0.4). The improved QAA-derived
bbp (490) value is signiﬁcantly correlated with the in situ-measured
8
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Fig. 6. The lakes in China divided into ﬁve lake zones (a) according to Ma et al. [17]. The spatial distribution of the SDD in the period of 2016–2018 in IMXL (b), NPL(c),
EPL (d), YGPL (e), and TPL (f) lakes. The gray histogram plots show the average SDD for each lake zone and all lakes in China (g), where n is the number of lakes in each
individual dataset. The color histogram plots show the number of lakes with water area larger than 10 km2 in four categories of SDD ((0–0.5] m, (0.5–1] m, (1–2] m and
(2–9) m) in the period of 2016–2018 (h).

(Fig. 7f), and Lake Qiandaohu (MRE=18%, RMSE=0.21 m − 1 , and
NRMSE=14%) (Fig. 7i).
In summary, the improved QAA (Le et al., 2009) can be used
to derive bbp (490) in the clear Lake Qiandaohu, turbid Lake Taihu,
and highly turbid Hangzhou Bay. The QAA-derived ap (490) and
bbp (490) values could be combined to estimate the SDD with high
accuracy. However, the improved QAA (Le et al., 2009) requires in
situ IOPs as input, which was diﬃcult to obtain for the large numbers of lakes. In addition, the ﬁtting coeﬃcient of c varies for dif-

SDD values in Hangzhou Bay, Lake Taihu and Lake Qiandaohu
(P<0.001). The MRE, RMSE, and NRMSE between the bbp (490)derived and in situ SDD were 48%, 0.09 m, and 39% for Hangzhou
Bay, 22%, 0.12 m, and 23% for Lake Taihu and 16%, 1.04 m, and 21%
for Lake Qiandaohu, respectively. The (Ln(1/SDD)) is signiﬁcantly
correlated with the 1/(ap (490)+c∗ bbp (490) values in Hangzhou
Bay (MRE=19%, RMSE=0.32 m − 1 , and NRMSE=19%) (Fig. 7c),
Lake Taihu (MRE=28%, RMSE=0.26 m − 1 , and NRMSE=27%)
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Fig. 7. Performance of the improved QAA in deriving ap (490), bbp (490), and the SDD of Hangzhou Bay (a-c), Lake Taihu (d-f), and Lake Qiandaohu (g-i). The red dashed lines
represented for the optimal ﬁtting of the model.

ferent lakes. Therefore, it is challenge to apply the improved QAA
(Le et al., 2009) at large scale. Recently, Lee et al. (2016) successfully developed a new semi-analytical algorithm for SDD estimation based on Landsat 8 data. However, the new algorithm requires
two narrow bands in the blue region as inputs. Therefore, the traditional bands of Landsat series data cannot meet the requirements
of model construction for some semi-analytical methods. In contrast, the empirical models do not require in situ IOPs and two
narrow bands in the blue region as inputs. In addition, the empirical models have fewer measurement uncertainties than the semianalytical models that are based on inherent optical parameters.
Our empirical model is developed based on extensive in situ SDD
and Landsat remote sensing reﬂectance, which has obvious advantages in term of accuracy and applicability when compared with
previously published empirical models.

TM images on October 5, 2011, and the Landsat 8 OLI images
on October 21, 2017, were selected for comparison with the results from the Landsat 7 ETM+ images on October 6, 2011, and
October 22, 2017 (Fig. 8). Because the compared images were
quasi-synchronized within one day of each other, we deemed that
the water SDD conditions remained the same for both images.
Fig. 8 shows the overlap area of the images and a scatterplot with
a regression of the Landsat-derived SDD values from the overlapping area. The model coeﬃcients were different for the three sensors. Nonetheless, the agreement between the Landsat 5-, 7- and
8-derived SDD values was very strong (R2 =0.94 for Landsat 5 vs.
7; R2 =0.95 for Landsat 8 vs. 7) (Fig. 8c-d), indicating that the estimated SDD results from Landsat 5 TM, 7 ETM+ and 8 OLI images
are highly comparable. Thus, the use of Landsat series data with
the proposed model can provide accurate long-term coverage of
SDD in lakes in China.

4.2. Consistency of the Landsat estimation results
4.3. Advantage and limitations of the model
To evaluate the comparability of the Landsat series images in
assessing SDD variations, we examined the estimated SDD of the
lake water in the overlapping areas of two adjacent images in
TPL. The TPL lakes are relatively unaffected by human activity
(Zhang et al., 2019). Therefore, the water clarity does not exhibit
large ﬂuctuations under stable hydrometeor conditions within a
period of a couple of days. The SDD results from the Landsat 5

Our empirical model is developed based on extensive in situ
SDD and Landsat remote sensing reﬂectance, the calibration and
validation datasets in this model are collected from different types
of water within a large geographical region, indicating that the
model could be hopefully used for the systematic assessment of
SDD at continental/global scale.
10
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Fig. 8. Overlap areas of the Landsat 5 TM and Landsat 7 ETM+ images (a) and the Landsat 8 OLI and Landsat 7 ETM+ images (b) in the TPL lakes of China; water SDD
comparison for the Landsat 7 ETM+ vs. Landsat 5 TM images (c) and the Landsat 7 ETM+ vs. Landsat 8 OLI images for the TPL lakes from the overlap (d).

The model is a simple power function model based on red
band, which was equipped on almost all current earth resources
satellite and ocean color satellite platforms. The experience learned
from this study could be used in many current earth resources
satellite data (such as Sentinel 2, Gao-Fen series and HJ A/B) and
the next generation of Landsat satellite data (Landsat 9) to derive
spatial and temporal SDD distributions in inland lakes of China.
The characteristics of the earth resources satellite data and the upcoming Landsat 9 are similar to those of Landsat 5/7/8 (e.g., multispectral radiometry from ultraviolet to near-infrared, and red band
spectral was included), with numerous improvements (high spatial
resolution, and shorter revisit time). These satellites are appropriate for developing SDD estimation models for various inland waters especially for the water with small water surface. However,
some limitations and challenges may be encountered in practical
application.
Firstly, the bottom reﬂectance of optically deep waters contributes signiﬁcantly to remote-sensing reﬂectance spectra, which
may cause SDD to be underestimated. In model calibration and
validation, the matching pairs were selected where the euphotic
depth is obviously lower than water depth to avoid the reﬂectance
contribution from lake bottom. However, it should be cautioned
that some errors and uncertainties will be inevitably introduced in
the application of the model to optically deep waters. Techniques
for partitioning shallow-water remote-sensing reﬂectance into wa-

ter column and bottom reﬂectance spectra in order to remove bottom contributions, therefore, are highly desirable and challenging
(Doron et al., 2011).
In addition, the developed model is applicable for lakes with
similar optical characteristics. For highly productive waters and
macrophyte-dominated waters, the model may overestimate the
SDD to some degree from the underestimated surface reﬂectance
due to the strong absorption of macrophyte and cyanobacteria
(Kutser, 2004; Silva et al., 2008). Therefore, we would advise that
special care should be taken when applying the model to assess
highly productive or grassy waters. In addition to these limitations,
it is likely that absorption from dissolved organic matter may cause
some variation in the model coeﬃcients and may introduce some
uncertainties in SDD estimations for lakes in China, especially after heavy rainfall events. It is therefore necessary to exclude the
effects of rainfall events to map spatiotemporal SDD distribution.
Additional uncertainty in SDD estimation will be driven by spatiotemporal variability in the inherent optical properties (IOPs) in
each lake system. The detailed difference in the IOPs of lakes and
the corresponding contribution to uncertainty in retrieval may be
neglected in macroscale water quality monitoring. Further work
should focus on IOPs variability in each lake system and identify
the factors that inﬂuence model construction and SDD variation
depending on the trophic status and depth of lakes.
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5. Conclusion
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The remote sensing reﬂectance values from the Landsat 7 and
Landsat 8 products were consistent to the in situ measured reﬂectance values at various wavelengths exhibiting high accuracy in
the visible band. The power function model based on the red band
of Landsat reﬂectance yielded high accuracy in estimating the SDD
of lakes in China. Although the QAA-derived ap (490) and bbp (490)
values were combined to estimate the SDD with high accuracy, the
QAA requires in situ IOPs as input, which were diﬃcult to obtain
for large numbers of lakes. In addition, the ﬁtting coeﬃcient of c
varies for different lakes, which limited the wide application of the
algorithm. The high consistency of SDD values from Landsat 5 TM,
7 ETM+, and 8 OLI data indicated that the combination of Landsat series data and the proposed model could result in an accurate
long-term estimation of the SDD in lakes in China. The estimation
results showed SDD ranged from less than 0.1 m to more than
10 m with an average value of 1.03 ± 0.73 m for 641 lakes with
water area ≥10 km2 in China during the period of June to October
between 2016 and 2018. The EPL and NPL have relatively low SDD,
with multiyear average SDD of 0.56±0.17 m and 0.47±0.29 m, respectively. The YGPL and TPL have relatively high SDD, with multiyear average SDD of 1.48 ± 0.86 m and 1.30 ± 0.83 m, respectively.
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