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A B S T R A C T   

High spatial resolution bathymetric maps of coral reefs can show the details of terrain. However, most satellite- 
based imagery with a spatial resolution < 10 m has only three visible bands and one near-infrared (NIR) band. 
When in situ bathymetric data are unavailable, it is difficult to map bathymetry from high spatial resolution 
imagery with spectral matching or empirical models for clear or turbid waters. In this study, we developed a 
downscaled bathymetric mapping approach (DBMA) that uses the water depth estimated from multitemporal 
Landsat-8 data to calibrate the empirical model for high spatial resolution imagery (e.g., Sentinel-2A/B, GaoFen- 
1/2, ZiYuan-3, and WorldView-2) in the absence of in situ bathymetric data. Our results show that DBMA 
provides high accuracy for depth ranging from 0 to 12 m for clear waters (0 m to 5 m for turbid waters), with a 
root mean squared error (RMSE) smaller than 2 m. Relative to empirical models (calibrated with in situ data), 
DBMA underestimates water depth more for depth >12 m for clear waters (5 m for turbid waters) while slightly 
overestimates more for depth < 4 m for clear waters (3 m for turbid waters). Nevertheless, DBMA performs better 
than the empirical models for depth between 4 m and 12 m for clear waters (3 m and 5 m for turbid waters). 
Furthermore, the good performance of DBMA is also demonstrated by the finding that the scaling effect on the 
DBMA is limited. DBMA presents a reliable solution to obtain high spatial resolution bathymetric maps without 
leaving out small regions in the absence of in situ data.   

1. Introduction 

Coral reefs play an important role in the ocean, and determining the 
bathymetry over coral reefs can help manage and protect them 
(Goodman et al., 2013; Moberg and Folke, 1999). To date, different 
approaches have been proposed to obtain bathymetry for coral reefs. 
Although ship-based sonar and airborne light detection and ranging 
(LiDAR) instruments can provide accurate bathymetric data, they are 

time-consuming and costly. With the advent of satellite-based multi-
spectral sensors, satellite-based bathymetric mapping has become a vital 
part of marine navigation (Cahalane et al., 2019; Chen et al., 2019; 
Hedley et al., 2018; Liu et al., 2019; Purkis et al., 2019; Wei et al., 2020). 

The spatial resolution of existing satellite-based multispectral im-
agery varies from a few meters to several kilometers (Hu et al., 2012; Li 
et al., 2016; Reshitnyk et al., 2014). In general, the higher the spatial 
resolution of a bathymetric map is, the more terrain details can be 
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observed. In addition, since in situ bathymetric data are not always 
available due to the difficulty or high cost of field measurement, 
inversion approaches that do not require inputs from in situ measure-
ments are highly desirable. At present, bathymetric mapping approaches 
that do not need in situ bathymetric data can be classified into two types: 
1) single-source and single-algorithm inversion approaches and 2) 
coupling inversion approaches. 

The first type uses an algorithm to estimate water depth from mul-
tispectral data, including spectral matching approaches based on radi-
ative transfer theory, linear wave approaches based on linear wave 
theory, photogrammetric approaches based on through-water photo-
grammetry, and the advanced log-ratio method (LRM). 

Spectral matching approaches include optimization-based models 
and look-up-table-based models that simultaneously estimate water 
depth, inherent optical properties (IOPs), and bottom reflectance 
without in situ bathymetric results from hyperspectral data (Hedley 
et al., 2009; Lee et al., 1999; Mobley et al., 2005). These models have 
been modified and used to create bathymetric maps from high spatial 
resolution imagery of clear or turbid waters in the absence of in situ 
bathymetric data (Cao et al., 2021; Casal et al., 2020; Eugenio et al., 
2015; Hamylton et al., 2015; Hu et al., 2014; Huang et al., 2017; Liu 
et al., 2018). However, as shown in Appendix Table A.1, most high 
spatial resolution imagery (spatial resolution < 10 m) has only three 
visible bands and one near-infrared (NIR) band. With increasing water 
depth, the lack of coastal bands may cause significant errors in 
optimization-based models (Liu et al., 2019). Moreover, when the water 
type is turbid, the water-leaving reflectance in the NIR region may be 
nonnegligible due to high sediment concentrations (Eugenio et al., 2014; 
Mishra et al., 2017). As a result, the band set limits the performance of 
atmospheric correction and the performance of the spectral matching 
approaches. 

The linear wave approach is used to estimate water depth from the 
relationship between wave velocity and water depth in shallow water 
(Danilo and Melgani, 2016). However, the estimated shallow depth has 
a lower limit of 3 m because the linearity of the model does not hold for 

regions near land. In addition, the resolution of bathymetry largely 
depends on the wavelength of waves, which is always larger than the 
spatial resolution of imagery (Danilo and Melgani, 2019). 

The photogrammetric approach determines the position (water 
depth) of underwater objects by selecting the stereo pixels from two 
stereo images (Cao et al., 2020; Hodúl et al., 2018). This method has 
been applied to high spatial resolution imagery but relies on multiangle 
images, which are not always available. Furthermore, when the water is 
turbid, it is difficult to select the stereo pixels. 

The advanced LRM was developed for clear waters or oligotrophic 
waters. This method relates the unknowns of the widely used empirical 
LRM to the concentration of chlorophyll or other IOPs (Chen et al., 2019; 
Kerr and Purkis, 2018; Li et al., 2019; Stumpf et al., 2003). However, 
these methods may not be applicable to turbid waters because IOPs in 
turbid waters are not closely related to chlorophyll. In addition, esti-
mating IOPs from high spatial resolution imagery may not be reliable 
since the spectral bands of the sensors were initially designed for land 
observation and not ocean color. Furthermore, newly developed 
empirical models may perform better than LRM, such as the geograph-
ically adaptive inversion model (Su et al., 2014), adaptive blended al-
gorithm approach (ABAA) (Liu et al., 2021), sample-specific multiple 
band ratio technique (Niroumand-Jadidi et al., 2020), multiple optimal 
depth predictors analysis (Niroumand-Jadidi et al., 2018), and machine 
learning method (Ai et al., 2020). Relating these empirical models to 
IOPs is difficult due to their complex formulations. 

Coupling inversion approaches include single-source coupling ap-
proaches and multisource coupling approaches. A single-source 
coupling approach usually uses the water depth estimated by an 
optimization-based model or linear wave approach to calibrate the 
empirical model (Danilo and Melgani, 2019; Liu et al., 2019). This 
procedure is adopted because the computational efficiency or accuracy 
of empirical models is higher than that of optimization-based models 
and linear wave approaches. On the other hand, since single-source 
coupling approaches have the disadvantages of optimization-based 
models and linear wave approaches, their application to imagery of 

Fig. 1. Locations of the three study sites. (D) Oahu Island. (E) Luhuitou Bandao. (F) Qilian Yu and Yongxing Dao (Xisha Qundao). Red lines show the locations of in 
situ sonar-measured bathymetric data. For simplicity, the locations of in situ LiDAR measured bathymetric data are not shown here (see Fig. 7A). (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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high spatial resolution is constrained. A multisource coupling approach 
has been applied that uses the water depth estimated by ICESat-2 data to 
calibrate empirical models (Ma et al., 2020). The approach developed by 
Ma et al. (2020) may be the most reliable one to solve the problem of the 
requirement of in situ data by empirical models. The multisource 
coupling approach can be applied to both clear and turbid waters. 
However, ICESat-2 LiDAR scans the earth’s surface with three groups of 
lines, each with a spacing of 3.3 km, which may leave out some small 
regions. Furthermore, empirical models with geographically weighted 
regression need calibration data that uniformly distributes within the 
study region (Cahalane et al., 2019; Monteys et al., 2015). 

In short, great efforts have been made to map high spatial resolution 
bathymetry when in situ data are absent. However, the existing ap-
proaches cannot estimate high spatial resolution bathymetry for 
different water types without leaving out small regions. Thus, there is a 
need to combine multisource area data to fill the gaps. It is well known 
that the Landsat-8 has four visible bands, one NIR band, and two 
shortwave infrared (SWIR) bands (Roy et al., 2014). For spectral 
matching models within different water types, Landsat-8 is more 
appropriate than high spatial resolution imagery, except that the spatial 
resolution of Landsat-8 is lower (30 m). In addition, Landsat-8 has the 
advantages of free access, global coverage, and a multitemporal nature. 
To solve the problems mentioned above by taking advantage of Landsat- 
8, we developed a downscaled bathymetric mapping approach (DBMA) 
that combines multitemporal Landsat-8 data and high spatial resolution 
imagery, including Sentinel-2A/B, GaoFen-1/2, ZiYuan-3, and 
WorldView-2. The proposed DBMA uses the water depth estimated from 
multitemporal Landsat-8 to calibrate the empirical model based on high 
spatial resolution imagery. Data collected from clear and turbid waters 
were used to assess the performance of DBMA. We further analyzed the 
scale effect on the accuracy of DBMA to address the concern about the 

difference in spatial resolution of different satellite sensors. 

2. Data and methods 

2.1. Study area 

Three regions were selected to validate our proposed DBMA, namely, 
Xisha Qundao (qundao means archipelagos in Chinese), Luhuitou Ban-
dao (bandao means peninsula in Chinese), and Oahu Island (Fig. 1). 

Xisha Qundao is located in the South China Sea, and it is composed of 
several islands; Qilian Yu and Yongxing Dao were selected as the study 
islands within Xisha Qundao (Fig. 1F). For simplicity, Xisha Qundao is 
used to refer to Qilian Yu and Yongxing Dao in this paper. Luhuitou 
Bandao is located in the area south of Sanya. The fringe reefs northwest 
of Luhuitou Bandao were selected as the second study region (Fig. 1E). 
The third study site is located northeast of Oahu Island, which is a part of 
the Hawaiian Islands (Fig. 1D). 

Among these three study sites, the water types of Xisha Qundao and 
Oahu Island belong to clear waters (Goodman and Ustin, 2007; Liu et al., 
2019), and the water type of Luhuitou Bandao belongs to turbid waters 
(Yuan et al., 2016). 

2.2. Satellite imagery acquisition 

In this study, seven types of satellite data were used, namely, 
Landsat-8, Sentinel-2A, Sentinel-2B, GaoFen-1, GaoFen-2, ZiYuan-3, 
and WorldView-2. The band sets of these selected sensors are shown in 
Appendix Table A.1. Table 1 lists the information regarding the images 
chosen for the three study sites. 

The Landsat-8 level-1 data were downloaded from the United States 
Geological Survey (USGS) site (https://earthexplorer.usgs.gov/). Only 
data that met the criteria of cloud coverage < 10% over the study region 
were chosen. 

Sentinel-2A and Sentinel-2B Multispectral instrument (MSI) data 
were downloaded from the Copernicus Open Access Hub. Only bands 
with a spatial resolution of 10 m were used in this study. 

GaoFen-1 and GaoFen-2 are the first two satellite missions in a series 
of China’s High-Resolution Earth Observation System, established as 
part of the Chinese National Science and Technology Major Project. 
GaoFen-1 is equipped with four wide field-of-view cameras (16 m for 
multispectral) and two high spatial resolution cameras (2 m for 
panchromatic, 8 m for multispectral). Unlike GaoFen-1, GaoFen-2 con-
tains only two high spatial resolution cameras. The spatial resolutions 
are 1 m and 4 m under the panchromatic and multispectral modes, 
respectively. High spatial resolution multispectral images from both 
sensors were used in this study. 

The Chinese stereo mapping satellite ZiYuan-3 contains three 
panchromatic cameras that can acquire three images from three viewing 
angles and a nadir-looking multispectral camera. In this study, multi-
spectral imagery with a spatial resolution of 5.8 m was used. 

WorldView-2 acquired images with 2 m spatial resolution in multi-
spectral mode. It has not only blue, green, red, and NIR1 bands but also 
coastal, yellow, red edge, and NIR2 bands (Table A.1 in appendix A). In 
this study, WorldView-2 data at four typical bands (blue, green, red, and 
NIR1 bands) were used. 

2.3. Satellite imagery processing 

Satellite-based sensors receive the Top of Atmosphere (TOA) radi-
ance over dark waters. Among the TOA, the atmospheric path radiance 
contributes approximately 90%, and dark waters contribute only about 
10% (Gao et al., 2009). It is crucial to perform atmospheric correction to 
obtain the water-leaving reflectance. In addition, due to the specular 
reflection of solar radiation on the non-flat shallow water surface, high 
spatial resolution images are likely affected by sun-glint (Eugenio et al., 
2014). Thus, there is a need to remove the effects of sun-glint. In 

Table 1 
Data collected for the three study sites.  

Study site Sensor name Acquisition date In situ bathymetric 
data 

Xisha Qundao Landsat-8 See Table A.2 Sonar measured depth 
Sentinel-2A May 5, 2017 
Sentinel-2B July 19, 2017 
GaoFen-1 September 16, 

2016 
GaoFen-2 February 15, 2017 
WorldView- 
2 

April 8, 2013 

Oahu Island Landsat-8 See Table A.2 LiDAR measured depth 
Sentinel-2A January 24, 2020 
Sentinel-2B May 15, 2020 

Luhuitou 
Bandao 

Landsat-8 See Table A.2 Sonar measured depth 
Sentinel-2A February 12, 2020 
Sentinel-2B February 7, 2020 
ZiYuan-3 September 6, 2018 
GaoFen-2 February 16, 2017 
WorldView- 
2 

October 9, 2017  

Table 2 
Selected atmospheric correction methods for different types of waters and 
sensors.  

Water type Sensor type Atmospheric correction 
method 

Clear waters Landsat-8 Cloud shadow method 
Sentinel-2A/B ACOLITE 
GaoFen-1, GaoFen-2 and 
WorldView-2 

FLAASH 

Turbid 
waters 

Landsat-8 ACOLITE 
Sentinel-2A/B 
GaoFen-2, ZiYuan-3 and 
WorldView-2 

FLAASH  
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addition, since bathymetry approaches are valid for optically shallow 
waters, identifying optically shallow waters is essential when selecting 
samples for calibration. Therefore, imagery reprocessing included at-
mospheric correction, sun-glint correction, and identification of opti-
cally shallow waters. 

2.3.1. Atmospheric correction 
In this study, different atmospheric correction schemes were imple-

mented for different satellite sensors and water types, as listed in 
Table 2. 

2.3.1.1. Atmospheric correction of Landsat-8. Various atmospheric 
correction methods have been developed and validated for Landsat-8 
across different types of aquatic environments (Wei et al., 2018). In 
this study, the cloud shadow method developed by Lee et al. (2007) was 
used for clear waters. For turbid waters, due to the spatial heterogeneity 
of water-leaving reflectance, the cloud shadow method did not perform 
well in our test (data not shown). Thus, the built-in atmospheric 
correction algorithms within ACOLITE were adopted. 

The cloud shadow method first calculated the path radiance with the 
pixel of optically deep water under the cloud and the adjacent pixel of 
optically deep water illuminated directly by the sun (Lee et al., 2007). 
Then, under the assumptions that the water-leaving radiance at the 
green band is known and the reflectance of clouds is independent of 
wavelength, the remaining unknowns were calculated. Specifically, the 
water-leaving radiance at the green band was obtained by downloading 
the VIIRS normalized water-leaving radiance product from the National 
Ocean and Atmosphere Administration (NOAA) (https://www.star. 
nesdis.noaa.gov/socd/mecb/color/ocview/ocview.html). 

ACOLITE is an open-source atmospheric correction processor for 
Landsat-8 and Sentinel-2A/B data (http://odnature.naturalsciences. 
be/remsem/software-and-data/acolite/). Two algorithms, namely, the 
“dark spectrum fitting” algorithm and the “exponential extrapolation” 
algorithm, are included in the software (Vanhellemont, 2019). In this 
study, the former was used. This “dark spectrum fitting” algorithm as-
sumes that the atmosphere is homogeneous over a specific region and 
that pixels with a reflectance of zero in at least one band exist. Then the 
path reflectance was corrected by constructing a look-up table with 6SV 
(second simulation of the satellite signal in the solar spectrum-vector) 
radiative transfer model (Vanhellemont, 2019). 

2.3.1.2. Atmospheric correction of Sentinel-2A and Sentinel-2B. For 
Sentinel-2A and Sentinel-2B imagery, the built-in atmospheric correc-
tion algorithms within the ACOLITE processor were used for both clear 
and turbid waters. In particular, the “dark spectrum fitting” algorithm 

was selected, and the default parameters were exploited. 

2.3.1.3. Atmospheric correction of GaoFen-1, GaoFen-2, ZiYuan-3, and 
WorldView-2. For GaoFen-1, GaoFen-2, ZiYuan-3, and WorldView-2, the 
Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes 
(FLAASH) toolbox of ENVI (environment for visualizing images) 5.3 
software was used. FLAASH is a physics-based atmospheric correction 
model that incorporates the MODTRAN radiation transfer code (htt 
ps://www.l3harrisgeospatial.com/docs/backgroundflaash.html). The 
raw data of GaoFen-1, GaoFen-2, and ZiYuan-3 were converted to 
radiance with calibration parameters obtained from the China Center for 
Resources Satellite Data and Application (http://www.cresda.com). The 
WorldView-2 raw data were calibrated to radiance using calibration 
parameters in the metadata file (.imd). The main parameters of FLAASH 
were the atmospheric model, aerosol model, and aerosol retrieval. Based 
on the information of the selected images, these three main parameters 
were tropical in the summer/winter months, maritime model, and two- 
band over water. 

2.3.2. Sun-glint correction 
The simple sun-glint correction method developed by Hedley et al. 

(2005) was adopted. First, a small region from the image over the 
optically deep water was clipped, and the minimum value of reflectance 
at the NIR band (RNIR min) was calculated. Second, the linear relationship 
between the reflectance at the NIR band and the reflectance at each 
visible band was established. Third, the minimum value of reflectance at 
the NIR band and the slope (bi) of the linear relationship were 
substituted into the following equation to correct sun-glint: 

R’
i = Ri − bi(RNIR − RNIR min) (1)  

where Ri and R’
i are reflectance before and after sun-glint correction, 

respectively. RNIR is reflectance at the NIR band. 

2.3.3. Identification of optically shallow waters 
Optically shallow waters were identified through two steps: 
Step 1: Identification of water. For Landsat-8 data, the quality 

assessment band was used to remove clouds and cloud shadows. Then, 
the modified normalized difference water index (MNDWI) was calcu-
lated with green and SWIR1 bands to identify the waters (Xu, 2005). For 
other images, the pixels affected by clouds and cloud shadows were 
removed by visual examination. Due to the lack of SWIR bands, the 
normalized difference water index (NDWI) was calculated with green 
and NIR bands to identify waters (Mcfeeters, 1996). 

Step 2: Identification of optically shallow water. The log-ratio has 

Fig. 2. The flowchart of DBMA.  
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been widely used to estimate water depth as follows (Stumpf et al., 
2003): 

log − ratio = ln(10000*Rrs(Band1) )/ln(10000*Rrs(Band2)) (2)  

where Rrs is the water-leaving reflectance. With increasing water depth, 
the band log-ratio increases or decreases. When water is deep enough, 
the log-ratio reaches a plateau. Thus, a threshold was set for the log-ratio 
to identify optically shallow waters. When the log-ratio was larger or 
smaller than the preset threshold value, the pixel was classified as 
optically deep water. Otherwise, the pixel was classified as optically 
shallow water. The blue and green bands were used for clear waters, and 
the threshold varied from 1.2 to 1.3. For turbid waters, the blue band 
and green band are no longer appropriate due to their sensitivity to 
variations in IOPs. Arabi et al. (2020) found that the reflectance at 750 
nm and 900 nm was not sensitive to IOPs and therefore used the log- 
ratio of reflectance at 750 nm and 900 nm to identify optically 
shallow waters in turbid waters. Thus, the red and NIR bands were used 
instead for identifying optically shallow waters from turbid waters. The 
threshold for identifying optically shallow waters varied from 0.9 to 1.0 
for turbid waters. 

2.4. DBMA 

2.4.1. Overview of DBMA 
Fig. 2 shows the flowchart of DBMA. First, a single-source coupling 

approach was used to estimate multitemporal bathymetry from multi-
temporal Landsat-8 images. Second, a filtering method was established 
for clear and turbid waters to filter the Landsat-8 derived bathymetric 
data. Third, the final Landsat-8 derived bathymetric map was used to 
calibrate the empirical model based on high spatial resolution imagery. 
Finally, high spatial resolution bathymetric maps were obtained. 

2.4.2. DBMA involved sub-algorithms 

2.4.2.1. Single-source coupling approach. The single-source coupling 
approach proposed by Liu et al. (2019) was used to estimate the water 
depth from Landsat-8 imagery. The water depth for sampled pixels was 
first estimated by an optimization-based model unmixing-based multi-
spectral optimization process exemplar (UMOPE), which does not 
require in situ bathymetric data. Second, the estimated water depth and 
corresponding reflectance were used to calibrate ABAA and LRM for 
clear and turbid waters, respectively. Finally, the Landsat-8 bathymetric 
map was derived from calibrated ABAA or LRM. 

2.4.2.2. Optimization-based model: UMOPE. UMOPE is an optimization- 
based bathymetry model that incorporates endmember variability with 
a linear combination of three fixed endmembers and relaxation of the 
sum-to-one constraint (Liu et al., 2018). 

Subsurface reflectance of optically shallow waters (rrs) can be 
expressed as a function of the water properties, water depth, and bottom 
albedo (Lee et al., 1999) (note that λ is omitted for brevity): 

rrs = f (X,P,G,H, ρ) (3)  

where X is an empirical parameter that combines the particle back-
scattering coefficient, viewing-angle information, and sea state. P is the 
absorption coefficient of phytoplankton at 440 nm. G is the absorption 
coefficient of gelbstoff at 440 nm. ρ is the bottom albedo. To address the 
problem with mixed substrate, ρ was modeled as follows (Liu et al., 
2018; Petit et al., 2017): 

ρ = B1ρ1 +B2ρ2 +B3ρ3, (4) 

with 

min <
∑3

i=1
Bi < max, (5)  

where ρi represents the reflectance of sand, coral, and seagrass (Liu 
et al., 2018). Bi is a combination of the proportions of each endmember 
and the reflectance scaling factor for the three endmembers. min and 
max were set as constants, namely min = 0.002 and max = 1.2 (Liu et al., 
2018). 

Subsurface reflectance (rrs) was translated into water-leaving 
reflectance (Rrs) through the following equation (Lee et al., 1999): 

Rrs ≈ 0.5rrs/(1 − 1.5rrs) (6) 

Simulated Rrs was integrated over the bandpass of Landsat-8 bands 
modulated by the spectral response function (FLandsat− 8

Bandi
): 

Rrs model(Bandi) =

∫ 900

400
RrsFLandsat− 8

Bandi
(λ)dλ/

∫ 900

400
FLandsat− 8

Bandi
(λ)dλ (7) 

The cost function below was built via spectral matching: 

cost function =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

⋀Bn
B1

(
Rrsmodel (Bandi) − Rrstrue (Bandi)

)2
/

⋀Bn
B1
(Rrs true(Bandi))

√

(8)  

where Rrs model is modeled by Eqs. (3), (4), (6), and (7). Rrs true is the true 
or measured Rrs. The water depth is estimated by minimizing the cost 
function using the “Fmincon” function in the MATLAB optimization 
toolbox. The initial values and ranges for X, P, G, H and Bi were taken 
from Liu et al. (2021). 

2.4.2.3. Empirical model for turbid waters: LRM. LRM is an empirical 
model used to estimate water depth from a log-ratio (Stumpf et al., 
2003): 

H = m0*ln(10000*Rrs(Band1) )/ln(10000*Rrs(Band2))+m1 (9)  

where m0 and m1 are calibration parameters. The red and NIR bands 
were used to calculate the log-ratio for turbid waters. 

2.4.2.4. Empirical model for clear waters: ABAA. ABAA is a blended al-
gorithm approach developed for clear waters (Liu et al., 2021). Unlike 
LRM, which uses only one band log-ratio for the entire optically shallow 
waters, ABAA uses the optimal band log-ratio for different depth ranges 
and thus improves the accuracy of derived water depth. ABAA is con-
structed via the following two steps: 

Step 1: The applicable depth range analysis was conducted to obtain 
the sub-algorithms of ABAA and the corresponding applicable depth 
ranges. First, for each band combination, the lower limit of the depth 
range was set to 0 m. The temporary upper limit of the depth range was 
increased from 2 m to 20 m with a step of 1 m. Each temporary upper 
limit and lower limit formed the temporary applicable range of each 
band combination. Within each temporary applicable range, a total of 
450 pixels were sampled. The correlation coefficient between the log- 
ratio of the band combination and water depth was calculated for 
those samples. In addition to linear regression, logarithmic regression 
was also tested. The procedure was repeated 50 times for each tempo-
rarily applicable depth range, and 50 correlation coefficient values were 
obtained. Then, the average correlation coefficient was calculated. 
Second, the depth range with the largest correlation coefficient was 
selected as the optimal applicable depth range of each band combina-
tion. Meanwhile, the band combination with the largest correlation 
coefficient was selected as the optimal band combination for each depth 
range. Subsequently, the intersection of the optimal band combination 
for each depth range and the optimal applicable depth range for each 
band combination was calculated. Then, the sub-algorithms and the 
corresponding optimal applicable depth ranges were obtained. 
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Step 2: Merging bathymetric results of sub-algorithms. The sub- 
algorithms were applied to map bathymetry. The bathymetric maps of 
each sub-algorithm were merged based on the optimal applicable depth 
range of each sub-algorithm. 

2.4.3. Derivation of bathymetry from multitemporal Landsat-8 data 
Affected by sky conditions, water quality, and atmospheric correc-

tion accuracy, the bathymetry map from a single-temporal image is 
subject to uncertainties without validation using in situ data. The prin-
ciple of aggregation states that a set of multiple measurements is more 
reliable than any single measurement (Rushton et al., 1983). Since the 
launch of Landsat-8, each Worldwide Reference System-2 path/row has 
been acquired more than 100 times. Moreover, Landsat-9 will continue 
to be equipped with the same sensors as Landsat-8 (Masek et al., 2020). 
More images can be used to estimate water depth and enhance the 
confidence to use the bathymetric result. There is no evidence that ba-
thymetry can change significantly over 10 years. Thus, filtering ba-
thymetry results from multitemporal bathymetry results is necessary 
(Barnes et al., 2018; Caballero and Stumpf, 2020; Chu et al., 2019). After 
applying the single-source coupling approach to multitemporal Landsat- 
8 data, multiple measurements of water depth were obtained for each 
pixel. Then, the final Landsat-8 bathymetric map was filtered from the 
multitemporal Landsat-8 bathymetric maps as follows: 

1) For clear waters, the correlation coefficient between the UMOPE 
estimated depth and log-ratio (blue and green bands) was calculated. 
When the correlation coefficient is higher than 0.6, the bathymetric 
result will be used for the ABAA. Then, the median value of the multi-
temporal estimated water depth for each pixel was calculated, and the 
final Landsat-8 bathymetric maps for clear waters (Xisha Qundao and 
Oahu Island) were obtained. 

2) For turbid waters, the ratio of the number of pixels larger than the 
local minimum (estimated depth is near the initial value of H) to the 
total number of samples was calculated. When the ratio was larger than 
0.1, the image was selected. Subsequently, the correlation coefficient 
between the estimated depth and log-ratio (red and NIR bands) was 

calculated for the selected images. When the correlation coefficient is 
higher than 0.6, the bathymetric result will be used for further pro-
cessing. Finally, the median value of the multitemporal estimated water 
depth for each pixel was calculated, and the final Landsat-8 bathymetric 
map for turbid waters (Luhuitou Bandao) was obtained. 

2.4.4. Matching Landsat-8 derived bathymetry and high spatial resolution 
imagery 

For the purpose of a matchup, Landsat-8 and high spatial resolution 
imagery (Sentinel-2A/B, GaoFen-1/2, ZiYuan-3, and WorldView-2) 
were reprojected to the same WGS-84 Coordinate Reference System. 
However, the depth value from Landsat-8 corresponded to several pixels 
of high spatial resolution images. To solve the problem with the differ-
ence in spatial resolution, a high spatial resolution pixel was randomly 
selected to match the Landsat-8 pixel. Thus, each “true depth” corre-
sponded to a high spatial resolution pixel, and the dataset was used to 
calibrate the empirical model. 

Since scale differences between the Landsat-8 pixels and high spatial 
resolution pixels may affect the performance of the DBMA, the effects of 
scale differences were evaluated. The method used to evaluate the effect 
of scale differences is introduced later. 

2.5. Validation datasets 

2.5.1. In situ Rrs data 
The accuracy of satellite-derived Rrs, for which atmospheric correc-

tion is required, affects bathymetry estimates. Unfortunately, the 
Landsat-8 overpass times did not precisely match the times of the field 
observations. The field observations were conducted near the Xisha 
Qundao on September 22, 2015, and the Luhuitou Bandao on September 
27, 2017. However, the Landsat-8 imaging times were October 2, 2015 
(Xisha Qundao) and September 19, 2017 (Luhuitou Bandao). Thus, the 
validation result of the satellite-derived Rrs is for reference only. 

For in situ optical measurements, a 25◦ field-of-view dual-channel 
field spectroradiometer (spectral resolution of 3 nm at 700 nm and 30 

Fig. 3. Scale differences between the Landsat-8 and other high spatial resolution pixels. Red dots represent the in situ sampling locations. Squares with different color 
represent the pixel sizes of different sensors. Background image is the true color image of different sensors. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 
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nm at 2100 nm; and sample intervals of 1.4 nm at 700 nm and 2 nm at 
2100 nm; Analytical Spectral Devices, Boulder, CO), equipped with a 30 
m long fiber optic cable and a 2 m long fiber-optic cable, was used. 
Hyperspectral radiances from the water, sky, and a reference panel were 
measured. Rrs was calculated using the method introduced in Liu et al. 
(2018). For comparison, the in situ hyperspectral reflectance was con-
verted into the multispectral reflectance of Landsat-8 with Eq. (7). 

2.5.2. In situ bathymetric data 
Bathymetric validation data of Oahu Island were downloaded from 

the website (http://www.soest.hawaii.edu/coasts/data/oahu/shoals. 
html). The data were acquired by airborne LiDAR SHOALS 3000. 

For Xisha Qundao, a multibeam echo-sounder (SOUTH, Guangzhou, 
CO) equipped with a global positioning system (GPS) to track the geo-
location of the sample points was attached to a boat to measure the 
water depths in 2013 and 2014. Only depth < 20 m were considered in 
this study. 

Bathymetric validation data of Luhuitou Bandao were also acquired 
by a multibeam echo-sounder (SOUTH, Guangzhou, CO) in 2017. 
Because the ship’s draught was > 1.5 m, in situ data > 1.5 m were 
considered valid. 

2.5.3. Tidal data 
Before evaluating the estimated water depth, in situ and estimated 

depth data were corrected to the same reference vertical datum: 

H’ = H(t)+ΔH(t) (10)  

where H’ and H(t) are the tidal corrected water depth and the water 
depth at time t, respectively. ΔH is the difference between the vertical 
reference datum and the tidal height at time t. Tidal data for Xisha 
Qundao and Luhuitou Bandao were collected from the National Marine 
Data and Information Service, China. Tidal data for Oahu Island were 
acquired from the online National Oceanic and Atmospheric Adminis-
tration tidal data (https://tidesandcurrents.noaa.gov). 

2.6. Accuracy assessment 

Several statistical metrics were used to evaluate the performances of 
the bathymetry inversion approach, including the determination coef-
ficient (R2), slope, root mean squared error (RMSE), and bias. 

The RMSE within each bin was calculated as below: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
(H’ − H*)

2
/m

√

(11)  

where H’ and H* are the tidal corrected estimated depth and sonar or 
LiDAR measured depth, respectively, and m is the number of verification 
points for different depth ranges. 

The bias of the estimated water depth was calculated as follows: 

bias = H’ − H* (12) 

The median value of the bias (median bias) within each bin was 
chosen as an index to present the trend of overestimation or 
underestimation. 

2.7. Scaling effects analysis 

Scale differences between the Landsat-8 and other high spatial res-
olution pixels can be observed in Fig. 3. It is necessary to evaluate the 
effects of scale differences on DBMA. Based on the first law of geography 
(Tobler, 1970), the water depth of high spatial resolution pixels within a 
Landsat-8 pixel may vary within a specific depth range. In other words, 
the differences between the maximum and minimum depth values of 
high spatial resolution pixels within Landsat-8 pixels may have distri-
bution characteristics. Thus, the distribution probability of differences is 
selected as an index to evaluate the effects of scale differences on DBMA. 

For convenience, we assumed a sensor with a spatial resolution equal 
to the valid footprint of sonar and the water depth of each pixel corre-
sponded to sonar measured data. Generally, the footprint of sonar is a 
function of water depth and beam angle (0.5◦). When the water depth is 
shallower than 20 m, the value of the footprint is smaller than 1.2 m. 
Thus, the scale of the footprint is smaller than the pixels of all selected 
high spatial resolution images. Then, a Landsat-8 pixel can contain at 
most 625 neatly arrayed pixels of assumed imagery. Based on the results 
from Hedley et al. (2018) and Casal et al. (2020), Sentinel-2A/B may 
have the potential to replace the role of Landsat-8 in DBMA. For com-
parison, the depth ranges where the value of in situ data varies for 
spatial resolutions of 30 m and 10 m are listed. The difference between 
the maximum and minimum depth values of in situ data within a 30 m or 
10 m pixel was calculated. The distribution probability of differences 
within four depth ranges (0–5 m, 5–10 m, 10–15 m, and 15–20 m) was 
obtained. 

Fig. 4. The statistical metrics for the final Landsat-8 
derived bathymetry. From left to right, each column 
represents a study region. The top row (A, B and C) 
represents the scatter plots of estimated depth and 
true depth measured by sonar or LiDAR for Landsat- 
8. The red solid line is the best-fitted line, the black 
dotted line is the 1:1 line, and the blue dotted lines 
are the 2 m (clear waters)/1 m (turbid waters) 
prediction difference lines. The second row (D, E 
and F) represents the median error (green color) and 
RMSE (red color) within different water depth 
ranges. (For interpretation of the references to color 
in this figure legend, the reader is referred to the 
web version of this article.)   
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3. Results 

3.1. Landsat-8 derived bathymetry 

Since the DBMA used the Landsat-8 bathymetric results to calibrate 
the empirical models based on high spatial resolution images, the ac-
curacy of Landsat-8 bathymetric results is critical to the reliability of the 
approach. Thus, we first evaluated the accuracy of the final Landsat-8- 
derived bathymetry, which was filtered from the multitemporal 
Landsat-8 bathymetric maps (a performance evaluation for each 
Landsat-8 map is available in appendix A). The statistical metrics are 
shown in Fig. 4. The single-source coupling approach performs better in 
clear waters than in turbid waters, with a larger R2 value for the former. 
As indicated by the median bias, water depth is underestimated when 
the true water depth is > 12 m and > 5 m for clear and turbid waters, 
respectively. As a whole, when the water depth is < 15 m, RMSEs are 
smaller than 2 m and even smaller than 1 m within some depth ranges 
for clear waters. For turbid waters, RMSEs are smaller than 1 m for water 
depth < 6 m. 

3.2. High spatial resolution bathymetric results for clear waters 

Figs. 5 and 6 show the comparison between DBMA and ABAA- 
derived and in situ measured bathymetry. DBMA is comparable with 
the ABAA (calibrated by in situ data) within clear waters for water < 12 
m. Except for the Sentinel-2A image of Xisha Qundao (Fig. 5(E-F)), both 
DBMA and ABAA estimated water depth has a good agreement with in 
situ measurements, with R2 values greater than 0.8. Similar R2 values 
indicate that DBMA performs as well as ABAA. However, the regression 
slopes indicate that DBMA tends to underestimate water depth more 
than ABAA does with increasing water depth. 

The median bias, as displayed in Fig. 6, further indicates that water 
depth is underestimated (overestimated) more by the DBMA than by the 
ABAA when for depths greater (shallower) than 12 (4) m. Nevertheless, 
DBMA outperforms the ABAA for a depth range of ~ 4–12 m. Fig. 6 
shows that the RMSEs of both DBMA and ABAA-derived bathymetry are 
smaller than 2 m for water depths < 12 m. Compared with those of the 
ABAA, RMSEs for DBMA-derived bathymetry are significantly lower for 
depths between 4 m and 12 m. As a whole, the DBMA outperforms the 

Fig. 5. Scatter plots of estimated water depth and true depth measured by sonar of the DBMA and the comparison model ABAA for the multiscaled images of clear 
waters. The first row belongs to Oahu Island. The rest rows belong to Xisha Qundao. The red solid line is the best-fitted line, the black dotted line is the 1:1 line, and 
the blue dotted lines are the 2 m prediction difference lines. (For interpretation of the references to color in this figure legend, the reader is referred to the web version 
of this article.) 
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ABAA for depths between 4 m and 12 m. 
Fig. 7 shows the bathymetric maps from different sensors over clear 

waters (Xisha Qundao and Oahu Island). DBMA derived high spatial 
resolution maps of Oahu Island show a similar spatial pattern to that 
from LiDAR. For Xisha Qundao, the topography over the coral reef be-
comes more detailed with higher spatial resolution. As outlined by the 
red circle in Fig. 7(E-J), the hidden reef in the channel can be clearly 
observed in the images that have spatial resolutions greater than 10 m. 
However, significant differences are observed in the deep regions out-
lined by blue circles (Fig. 7(E-J)). Particularly in the bathymetric maps 
of Sentinel-2A and GaoFen-2 (Fig. 7F and 7I), the water depth in the 
deep region is underestimated. 

3.3. High spatial resolution bathymetric results for turbid waters 

Figs. 8 and 9 show the performance of DBMA and LRM (calibrated by 
in situ data) for Luhuitou Bandao. R2 for the two approaches are similar. 
This phenomenon is caused by the fact that a single LRM is used for the 
whole optically shallow region. The regression slopes in Fig. 8 are 
smaller for DBMA than for LRM. Except for Ziyuan-3 and WorldView-2, 
the median bias shown in Fig. 9 demonstrates that the water depth 
estimated by DBMA is higher than that estimated by LRM for depth < 3 
m. When the water depth exceeds approximately 5 m, DBMA un-
derestimates the water depth to a greater extent than LRM. The phe-
nomenon is similar to that of clear waters. RMSEs from both DBMA and 
LRM are within 1.5 m for depth < 5 m. In contrast, DBMA outperforms 
the LRM for depths between 3 m and 5 m with smaller RMSE. 

The bathymetric maps of Luhuitou Bandao are shown in Fig. 10. 
With increasing spatial resolution, the topography becomes more 
detailed. In particular, the swimming pool near the beach can be seen in 
the bathymetric maps of ZiYuan-3, WorldView-2, and GaoFen-2, the 
spatial resolutions of which are smaller than 10 m (Fig. 10(D-F)). 

3.4. Scaling effects on the DBMA 

Fig. 11 shows the distribution probability of differences within four 
depth ranges for 30 m spatial resolution and 10 m spatial resolution. 
When the spatial resolution is 10 m, the difference value of 0–1 m has 
the highest probability within four depth ranges. When the spatial res-
olution is 30 m, the difference value of 0.5–2.5 m has the highest 
probability within different depth ranges. Furthermore, the pixel size of 
the assumed sensor is smaller than that of the selected high spatial 
resolution sensors. This phenomenon indicates that the scaling differ-
ence is most likely within 3 m. As also apparent in Figs. 5 and 8, the bias 
of the estimated water depth is almost within 3 m. Thus, scale differ-
ences have limited effects on empirical regression-based models. The 
single-source coupling approach is comparable to the LRM, which is 
calibrated with in situ data if the regression line between the UMOPE 
estimated depth and true depth is close to the 1:1 line (Liu et al., 2019). 
The conclusion is also appropriate for DBMA since the adopted regres-
sion methods are linear and logarithmic. In general, the estimated depth 
from Landsat-8 is near the true depth. Taking the scale effects into ac-
count, the error of high spatial resolution bathymetric results is 
acceptable for depths less than approximately 12 m and 5 m for clear 

Fig. 6. The median bias (green color) and RMSE (red color) within different water depth ranges for clear waters. The first row belongs to Oahu Island. The second 
and third rows belong to Xisha Qundao. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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and turbid waters, respectively. The main problem is that the water 
depth from Landsat-8 data is underestimated when the water depth 
exceeds a specific depth. 

4. Discussion 

4.1. Influence of IOPs on the DBMA 

Compared with the empirical model, which is calibrated with in situ 
data, the DBMA is limited in that it underestimates more than the 
empirical model for waters depth deeper than a given depth. This phe-
nomenon is mainly caused by the fact that the optimization-based model 
estimates water depth, IOPs, and bottom reflectance simultaneously. 

Due to the coupling relationship between water depth and IOPs, the 
effects of IOPs on DBMA might be mediated by variations in the sensi-
tivity of optically shallow waters. Based on our previous sensitivity 

analysis of optically shallow waters for clear waters, water depth con-
tributes less to the water-leaving reflectance as water depth increases 
(Liu et al., 2021). For clear waters, the decreasing sensitivity of water 
depth reflected an underestimation of the water depth (the initial value 
of water depth for the optimization process was 3 m). The conclusion 
regarding sensitivity also applies to turbid waters, although the 
threshold value at which the contribution of water depth begins to fade 
is different from that in clear waters due to the difference in IOPs. For 
turbid waters, the decreasing sensitivity of water depth not only results 
in the underestimation of water depth but is also reflected as a poor local 
minimum near the initial value of water depth (Fig. 12). In some cases, 
the maximum value of the estimated water depth is even equal to the 
initial value (points in the green ellipsoids in Fig. 12B and 12E), and 
UMOPE cannot estimate the water depth for pixels that are greater than 
the initial value of the water depth. This finding serves as the foundation 
to obtain the final Landsat-8 bathymetric map for turbid waters. 

Fig. 7. Bathymetric maps derived by the DBMA from high spatial resolution images for clear waters (Oahu Island and Xisha Qundao). The black patch in each 
bathymetric map is missing data due to land flagging. The red circle outlines a channel near the land. The blue circle outlines a deep area. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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4.2. Challenge in mapping bathymetry for turbid waters 

Luhuitou Bandao (turbid waters) is located in the marine outfall of 
the Sanya River, and the water properties differ from those of Xisha 
Qundao and Oahu Island, which are far from the mainland. Affected by 
tides, terrigenous matter from the Sanya River travels to Sanya Bay. The 
interaction between salt water and fresh water changes the IOPs of 
colored dissolved organic matter, chlorophyll, and nonorganic 

suspended matter. Due to spatial or seasonal variation in IOPs, the 
spectral shape or the inappropriate parameterization of IOPs may affect 
UMOPE. 

The spatial variation in IOPs may influence the relationship between 
the log-ratio and water depth for the empirical model. The scatter plots 
between the estimated water depth by UMOPE from Luhuitou Bandao 
and both B/G (log-ratio of blue and green band) and NIR/R (log-ratio of 
NIR and red band) are shown in Fig. 12. NIR/R has a better relationship 

Fig. 8. Scatter plots of estimated water depth and true depth measured by sonar of the DBMA and the comparison model ABAA for the multiscaled images of turbid 
waters (Luhuitou Bandao). The red solid line is the best-fitted line, the black dotted line is the 1:1 line, and the blue dotted lines are 1 m prediction difference lines. 
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 9. The median bias (green color) and RMSE (red color) within different water depth ranges for turbid waters (Luhuitou Bandao). (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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with the estimated water depth than does the B/G band. According to 
the study by Arabi et al. (2020), when IOPs show significant spatial 
heterogeneity, the reflectance value of the short wavelength band is 
more likely influenced by IOPs, and B/G is not appropriate for the LRM. 
Furthermore, the potential factor influencing the relationship between 
NIR/R and water depth may be the low signal of longer wavelength 
bands. Due to the complexity of turbid waters, selecting optimal images 
with low turbidity may be a good solution (Casal et al., 2020). 

Generally, the spectral assumptions on IOPs are vital factors for the 
optimization-based model (Jorge et al., 2021; Werdell et al., 2013). 
However, the same spectral expression of IOPs was used for these three 
study sites in this study. Since we do not have in situ collected IOPs from 

Luhuitou Bandao for different seasons, we cannot quantitatively eval-
uate the effects here. Future work will explore the influence of IOPs on 
an optimization-based model with the collection of in situ data from 
turbid waters. 

4.3. Influence of atmospheric correction on DBMA 

The optimization-based model UMOPE is the key algorithm in DBMA 
for mapping bathymetry without in situ data. Based on our previous 
work with in situ data and simulated data, which are assumed to be 
error-free, the optimization-based model does not tend to overestimate 
the water depth at depths less than a threshold value but tends to 

Fig. 10. Bathymetric maps derived by the DBMA from high spatial resolution images for part of the Luhuitou Bandao. Black patch in the bathymetric map is missing 
data due to land flagging. 

Fig. 11. The histogram differences caused by different spatial resolution. (A) 10 m spatial resolution. (B) 30 m spatial resolution.  
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underestimate it at depths beyond a certain value (Liu et al., 2019). 
Thus, the accuracy of atmospheric correction may be a limiting factor for 
the DBMA. 

As shown in Fig. 13, after atmospheric correction, the reflectance 
values of the Landsat-8 image are close to the in situ reflectance values. 
For the Xisha Qundao image, the reflectance value of the Landsat-8 
image is generally lower than that of the in situ reflectance, especially 
in the coastal and blue bands. For Luhuitou Bandao, the coastal band 
and blue band values are lower than those of the in situ reflectance. 
However, the reflectance values in other visible bands are larger than 
the in situ reflectance values. In short, the in situ reflectance shares a 
similar shape with the reflectance of images, but a slight difference 
exists. 

The cloud shadow method performs well for clear waters. We 
excluded only 3 Landsat-8 images, mainly due to the low accuracy of 
atmospheric correction. For turbid waters, 19 Landsat-8 images were 
excluded. The number of excluded Landsat-8 images for turbid waters 
was much larger than that for clear waters (see appendix A. The 
excluded Landsat-8 images are marked in bold with an underline in 
Table A.2). This phenomenon indicates the difficulty of atmospheric 

correction for turbid waters even though Landsat-8 was equipped with 
two SWIR bands. Much effort has been focused on the effects of atmo-
spheric correction for clear waters or empirical models (Caballero and 
Stumpf, 2020). More efforts need to be focused on the impact of atmo-
spheric correction on the spectral matching models for turbid waters in 
the future. 

5. Conclusions 

Most high spatial resolution imagery only has three visible bands and 
one NIR band. When in situ bathymetric data are lacking, it is difficult to 
apply the spectral matching models or empirical models to high spatial 
resolution images for mapping bathymetry. In this study, we developed 
a DBMA that uses the estimated depth from multitemporal Landsat-8 to 
calibrate the empirical models based on high spatial resolution imagery 
for both clear and turbid waters. When DBMA was applied to high 
spatial resolution images (Sentinel-2A, Sentinel-2B, GaoFen-1, Ziyuan-3, 
Gaofen-2, and WorldView-2), it outperformed the involved empirical 
algorithms ABAA and LRM (calibrated by in situ bathymetric data) for 
depths of ~ 4–12 m and ~ 3–5 m for clear and turbid waters, 

Fig. 12. Scatter plots between the log-ratio and water depth estimated by UMOPE for the Luhuitou Bandao. The red and blue solid lines represent the regression 
lines. Green circles surround the local minimum solutions. NIR/R means the log-ratio of NIR and red band. B/G means the log-ratio of blue and green band. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 13. Validation of atmospheric correction. (A) Xisha Qundao. (B) Luhuitou Bandao.  
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respectively. The results indicate that DBMA does not depend on a 
specific water quality. In addition, further analysis shows that the scale 
differences have a limited effect on DBMA. 

Compared with the approach that combines ICESat-2 and Sentinel-2 
imagery (Ma et al., 2020), our solution couples the multisource area data 
without excluding small regions and provides calibration data that are 
distributed more uniformly for the involved empirical model. The 

significant limitation of the DBMA is that water depth was under-
estimated by the DBMA for depths greater than a specific value. The 
errors should be considered in future work. Nevertheless, DBMA has 
great potential to map bathymetry from high spatial resolution satellite- 
based imagery for both clear and turbid waters without in situ bathy-
metric data. 

Fig. A1. From top to bottom, the three rows show the time series of the Landsat-8 bathymetric map derived by the single-source coupling approach for Xisha 
Qundao, Oahu Island and Luhuitou Bandao, respectively. The black patches in the bathymetric map represent missing data due to land flagging or cloud flagging. 

Fig. A2. Scatter plots of Landsat-8 derived depth vs true depth measured by sonar or LiDAR. The red, green and blue represent the results for Oahu Island, Xisha 
Qundao and Luhuitou Bandao, respectively. Red solid line is the best-fitted line. Black dotted line is the 1:1 line. Blue dotted lines are the 2 m (clear waters)/1 m 
(turbid waters) prediction difference lines. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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Appendix A 

See Figs. A1 and A2, Tables A1 and A2 

Table A1 
Information on some existing satellite-based sensors.  

Landsat-8 Sentinal-2 A/B MSI WorldView-2 

Band 
Name 

Wavelength range 
(nm) 

Spatial resolution 
(m) 

Band name Wavelength range 
(nm) 

Spatial resolution 
(m) 

Band 
name 

Wavelength range 
(nm) 

Spatial resolution 
(m) 

Coastal 
Blue 
Green 
Red 
NIR 
Cirrus 
SWIR1 
SWIR2 

433–453 
450–515 
525–600 
630–680 
845–885 
1360–1390 
1560–1660 
2100–2300 

30 
30 
30 
30 
30 
30 
30 
30 

Coastal 
Blue 
Green 
Red 
Red Edge 1 
Red Edge 2 
Red Edge 3 
NIR 
Red Edge 4 
Water 
Vapor 
SWIR 
Cirrus 
SWIR 
SWIR 

430–457 
448–546 
538–583 
646–684 
694–713 
731–749 
769–797 
785–900 
848–881 
932–958 
1336–1411 
1542–1685 
2081–2323 

60 
10 
10 
10 
20 
20 
20 
10 
20 
60 
60 
20 
20 

Coastal 
Blue 
Green 
Yellow 
Red 
Edge 
NIR1 
NIR2 

400–450 
450–510 
510–580 
585–625 
630–690 
705–745 
770–895 
860–1040 

2 
2 
2 
2 
2 
2 
2 
2 

GaoFen-1 MSS GaoFen-2 MSS ZiYuan-3 MSS 
Blue 

Green 
Red 
NIR 

450–520 
520–590 
630–690 
770–890 

8 
8 
8 
8 

Blue 
Green 
Red 
NIR 

450–520 
520–590 
630–690 
770–890 

4 
4 
4 
4 

Blue 
Green 
Red 
NIR 

450–520 
520–590 
630–690 
770–890 

5.8 
5.8 
5.8 
5.8 

QuickBird Dove Planet Pléiades 
Blue 

Green 
Red 
NIR 

430–545 
466–620 
590–710 
715–918 

2 
2 
2 
2 

Blue 
Green 
Red 
NIR 

455–515 
500–590 
590–670 
780–860 

3 
3 
3 
3 

Blue 
Green 
Red 
NIR 

430–550 
500–620 
590–710 
740–940 

2 
2 
2 
2  

Table A2 
Information on the selected Landsat-8. Bold with underline represent excluded images.  

Study site Data ID 

Xisha Qundao LC81220482014176LGN00 LC81220482018075LGN00 LC81220482019142LGN00 
LC81220482015131LGN00 LC81220482018187LGN00 LC81220482019158LGN00 
LC81220482015211LGN00 LC81220482018219LGN00 LC81220482019206LGN00 
LC81220482016022LGN00 LC81220482018235LGN00 LC81220482019222LGN00 
LC81220482016102LGN00 LC81220482019030LGN00 LC81220482020017LGN00 
LC81220482016166LGN00 LC81220482019062LGN00 LC81220482020081LGN00 
LC81220482017200LGN00 LC81220482019078LGN00 LC81220482020161LGN00 
LC81220482017216LGN00 LC81220482019094LGN00 LC81220482020177LGN00 

Oahu LC80640452016047LGN01 LC80640452017273LGN00 LC80640452019231LGN00 
LC80640452016191LGN01 LC80640452018084LGN00 LC80640452019279LGN00 
LC80640452016207LGN01 LC80640452018356LGN00 LC80640452019343LGN00 
LC80640452016351LGN01 LC80640452019007LGN00 LC80640452020138LGN00 
LC80640452017065LGN00 LC80640452019055LGN00 LC80640452020138LGN00 
LC80640452017081LGN01 LC80640452019087LGN00 LC80640452020154LGN00 

Luhuitou Bandao LC81240472014190LGN01 LC81240472016340LGN01 LC81240472019060LGN00 
LC81240472014270LGN01 LC81240472017342LGN00 LC81240472019076LGN00 
LC81240472014286LGN01 LC81240472017358LGN00 LC81240472019156LGN00 
LC81240472014318LGN01 LC81240472018041LGN00 LC81240472019236LGN00 
LC81240472014318LGN01 LC81240472018185LGN00 LC81240472019284LGN00 
LC81240472015321LGN01 LC81240472018265LGN01 LC81240472020111LGN00 
LC81240472016036LGN01 LC81240472018297LGN00 LC81240472020159LGN00 
LC81240472016100LGN01 LC81240472018361LGN00  
LC81240472016212LGN01 LC81240472019044LGN00   
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