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Bottom depth (H) of optically shallow waters can be retrieved from multiband imagery, where remote sensing reflectance (Rrs) are
commonly used as the input. Because of the difficulties of removing the atmospheric effects in coastal areas, quite often, there are
no valid Rrs from satellites for the retrieval of H. More importantly, the empirical algorithms for H are hardly portable to new
measurements. In this study, using data from Landsat-8 and ICESat-2 as examples, we present an approach to retrieve H
directly from the top-of-atmosphere (TOA) data. It not only bypasses the requirement to correct the effects of aerosols but also
shows promising portability to areas not included in algorithm development. Specifically, we use Rayleigh-corrected TOA
reflectance (ρrc) in the 443–2300 nm range as input, along with a multilayer perceptron (MLPρrcH ), for the retrieval of H. More
than 78,000 matchup points of ρrc and H (0–25m) were used to train MLPρrcH , which resulted in a Mean Absolute Percentage
Difference (MARD) of 8.8% and a coefficient of determination (R2) of 0.96. This MLPρrcH was further applied to Landsat-8 data
of six regions not included in the training phase, generating MARD and R2 values of 8.3% and 0.98, respectively. In contrast, a
conventional two-band ratio algorithm with Rrs as the input generated MARD and R2 values of 31.6% and 0.68 and
significantly fewer H retrievals due to failures in atmospheric correction. These results indicate a breakthrough of algorithm
portability of MLPρrc

H in sensing H of optically shallow waters.

1. Introduction

Nearshore shallow water environments such as coral reefs,
seagrass, and kelp beds are among the most socioeconomi-
cally important and productive ecosystems in the world; its
monitoring is an important task of many government agen-
cies [1, 2]. In addition to monitoring changes across bottom
substrates in such ecosystems, one desired parameter is the
bottom depth, as it is important not only for navigation
but also for studies of coastal processes and management
of coastal events ranging from monitoring of storm surge
to site selection of wind farms [3–6].

Conventionally, the measurement of bottom depth (or
bathymetry) is carried out using multibeam echosounder.

In more recent years, with the advancement of laser technol-
ogy, more measurements of bottom depth (H, units: m) are
taken by airborne or spaceborne Lidar. While these methods
and systems provide a high precision H product [7, 8], they
are high-cost, time-consuming, and limited to the areas of
vessels or airplanes can reach, with the resulted data from
space hardly to form a high-resolution bathymetric map [9].

With the operation of remote sensing imagers (or pas-
sive remote sensing) and that an optically shallow bottom
can alter the spectral signature of the radiance emerging
from the water surface, many radiometric data have been
applied to estimate H [2, 4, 10–12]. Based on the imaging
characteristics of such measurements, bathymetry can be
derived from a variety of satellite imaging sensors that have
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a range of spatial resolutions [12–14]. Although its accuracy
and precision cannot match that from Lidar, the imaging
capability offers an efficient and cost-effective way to obtain
an H map of large spatial regions, with its spatial resolution
dictated by the sensors.

Passive sensors, especially those onboard satellite plat-
forms, capture, after calibration, the total radiance (Lt)
defined as the sum of radiance contributions from the atmo-
sphere, air-sea interface, water column, and bottom sub-
strate. Sophisticated algorithms are thus required to derive
H from Lt . To this end, numerous algorithms have been
developed since the 1970s for the estimation of H from
above-water radiometry [4, 12, 15–17]. Generally, these
algorithms can be divided into empirical and semianalytical
approaches, with empirical algorithms purely data driven,
while semianalytical algorithms are based on radiative trans-
fer theory. Although semianalytical algorithms [17–19] do
not require known depths for algorithm development, they
require adequate spectral bands in order to separate water-
column and bottom information [20], a prerequisite met
by few current satellite image sensors.

With the recent launch and operation of the Ice, Cloud,
and Land Elevation Satellite-2 (ICESat-2), high-precision
bottom depth (HLidar hereafter) of optically shallow waters
(OSW) can be well produced from data obtained by the
Advanced Topographic Laser Altimeter System (ATLAS).
In the meantime, many satellites with good spatial-
resolution imagers, such as Landsat-8 (30m resolution),
Sentinel-2 (20m resolution), and Coastal Zone Imager
(50m resolution), have been taking routine measurements
of coastal regions, thus it is logical to fuse both HLidar and
imager data to generate maps of bottom depth through
empirical regressions [21–23]. One typical example is the
Two-Band Ratio Algorithm (TBRA) developed about two
decades ago [2] that uses the ratio of remote sensing reflec-
tance (Rrs) at two bands for the estimation of H, with the
empirical coefficients of TBRA derived for each image [3,
24]. However, the use of two spectral bands runs into non-
uniqueness issues that results in large uncertainties particu-
larly when bottom substrates and/or water properties
change significantly within a scene [25].

With the advancement in computer technology, neural
network (NN) is a powerful approach for accurate bathym-
etry retrievals. Compared with traditional band ratio
schemes, NN is flexible in taking a wide range of inputs.
At present, many NN algorithms with Rrs as the input have
been developed for the estimation of H [26–29]. However,
for nearshore shallow regions, such an approach is sensitive
to atmospheric correction algorithms [30]. When there are
no valid Rrs due to failures in atmospheric correction [31,
32], there will be no H product for those locations.

In this study, we take advantage of the availability of
both HLidar from ICESat-2 and imager data (using OLI of
Landsat-8 as a demonstration), combined with NN (more
specifically, multilayer perceptron (MLP)), to show a prom-
ising scheme to obtain H map. In particular, to avoid issues
related to failures in atmosphere correction, we used top-of-
atmosphere data, similar to Kutser et al. [1], for the retrieval
of H. Rather than creating a specifically tailored hyperspec-

tral Lt database [1], where its applicability is likely limited
to a unique environment, we used Rayleigh corrected top-
of-atmosphere reflectance (ρrc) as the input, along with a
MLP for the estimation of H. More importantly, we further
applied the trained NN algorithm to Landsat-8 OLI images
of different regions not included in the training phase and
obtained highly consistent H compared with HLidar, which
highlights a breakthrough in portability compared to the tra-
ditional empirical algorithms. With the increased HLidar data
and imager measurements, we foresee the generation of
accurate, high-resolution, bathymetry map of global OSW
waters.

2. Data

2.1. Landsat-8 Satellite Image. While many multiband
imagers can be used for the empirical retrieval of H, we used
Landsat-8 OLI data due to its following features:

(1) A spatial resolution of 30m provides detailed fea-
tures of coastal regions where bottom depth may
be highly heterogeneous

(2) Seven spectral bands cover the 430–2300 nm range,
which contains spectral information of water optical
properties, depth, and bottom substrate (visible
domain) as well as atmospheric aerosols (NIR-
SWIR)

(3) Top-of-atmosphere radiance from Landsat-8 OLI is
well calibrated [33, 34], thus adequate for the calcu-
lation of Rayleigh-corrected reflectance (ρrc)

In addition, Landsat-8 OLI data can be processed using
the SeaDAS package (v7.5.3) [35], where ρrc [31, 32] of
OLI measurements can be adequately generated. Here, ρrc
is defined as [36–38]

ρrc =
ρt
tg

− ρr , ð1Þ

where ρt is the total reflectance at top-of-atmosphere,
defined as πLt/ðF0 cos ðθsÞÞ. Here F0 is the extraterrestrial
solar irradiance [39], θs the solar zenith angle, tg the gas
transmittance, and ρr the reflectance from Rayleigh scatter-
ing. Both tg and ρr can be calculated with SeaDAS using sat-
ellite ancillary information.

The SeaDAS cloud albedo value (default: 0.018) used to
mask pixels with cloud contamination was increased to
0.03 to avoid masking bright shallow water pixels at the con-
sequence of including pixel contaminated with thin clouds.
ρrc with a value less than 0.0 or greater than 1.0 at any band
was also masked. To compare the performance of the tradi-
tional TBRA scheme, images of Rrs of these Landsat-8 OLI
measurements were also generated using SeaDAS. For these
Rrs products, pixels designated as low-quality were removed
based on the standard Level-2 quality flags included in Sea-
DAS, such as atmospheric correction failure (ATMFAIL),
land pixel (LAND), probable cloud or ice contamination
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(CLDICE), very high or saturated observed radiance (HILT),
and strong sun glint contamination (HIGLINT).

2.2. ICESat-2 Data. ICESat-2 was launched on September 15,
2018, and carries ATLAS, a photon-counting laser altimeter.
The green (532 nm) laser pulse from ATLAS illuminates
three beam pairs on the surface, with the distance between
beam pairs about 3 km in the across-track direction [40].
In each beam pair, the ratio of the transmit energy of the
beams is approximately 1 : 4, which are called weak and
strong beams, respectively [40]. The laser pulse of each beam
along the ground track is 0.7m. The photon heights of each
beam pair are very similar, and in order to reduce the degree
of data redundancy, the ICESat-2 global geolocated data
ATL03 from the strong beam (or week beam in the case of
a lot of noise in the strong beam data) was used in this study,
which contains photon height, time, geodetic latitude and
longitude, and Geoid height for individual photons above
the WGS84 ellipsoid (https://nsidc.org/data/atl03#) [40].

The procedure to obtain the bottom depth from ICESat-
2 photons is as follows [11]:

(1) Invalid photon removal: within the ATL03 dataset,
a quality parameter of “confidence” (with a range
of -2 to 4) is provided to classify each photon as
likely signal or noise. Here, as other studies [21, 40],
we consider the pixels having a “confidence” value
from 0 to 4 to be valid.

(2) Geoid system conversion: the photon height reported
in the ATL03 dataset is WGS-84 ellipsoidal height
(HWGS‐84); thus, each track of raw photons on the
water surface is not parallel toGeoid.As such, thepho-
ton height was transformed from theWGS-84 system
to the Geoid system,HGeoid =HWGS‐84 − EGeoid, where
EGeoid is the Geoid height (distance between Geoid
model and ellipsoid), and is available within ATL03.

(3) Outlier removal: the raw ATL03 photon data are
contaminated with a significant amount of noise

(see Figure 1(a)). In this work, a density-based spa-
tial clustering of applications with noise (DBSCAN)
method [41] was employed, which groups points
that are closely packed together (points with many
nearby neighbors) and marks outliers that lie alone
in low-density regions (whose nearest neighbors are
too far away) [21, 41]. Similarly, as in Babbel et al.
[11], we used the occurrence of photons in a rectan-
gular window (length is the along-track distance and
width is the elevation) to remove outliers. Basically,
for any photon at the center of this rectangle, if the
number of total photons within the rectangle is
below a threshold, it is treated as noise. In this study,
we found that a window size of 10m (distance along
the track) by 1m (elevation) with a threshold of 7
photons is suitable, where photons from sea surface
and those from sea bottom are clearly separated
(see Figure 1(b)). Sliding the rectangular window
along the track then generates a line of apparent bot-
tom depth.

(4) Calculating the geometric depth of bottom photons:
although the Geoid system conversion is applied, it
can be clearly seen that photons reflected from the
water’s surface have a slope in the along-track direc-
tion due to tide or other hydrodynamic processes
(Figure 1(b)). According to the photon geolocation
algorithm for ATL03 of ICESat-2, photons that are
characterized as likely signals are binned in approx-
imately 20m along-track segments [40]. Within
each segment, the water depth is calculated as the
difference between the height of bottom-reflected
photons and the mean height of surface-reflected
photons.

(5) Correcting the impact of light speed: photons from
ICESat-2 propagate from air to water and then water
to air. Thus, there is a change of light speed between
the two media that results in a systematic bias in the
calculated bottom depth. The light-correction algo-
rithm of Parrish et al. [42] was applied to remove
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Figure 1: Examples of raw ICESat-2 photon data (a) and photon data of surface and bottom after the filtering procedure (b). ICESat-2 data
were collected on July 22, 2019, at 07:12:08 local time over the Great Bahama Bank.
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this effect from the bottom depth obtained in #4
above, where the uncertainty of the corrected depth
is extremely low (a few centimeters) [21, 42, 43].

2.3. Data Matchup between Landsat-8 and ICESat-2.
Assuming the variation of bottom depth (after tidal correc-
tion) is negligible within a short period, a time constraint
of ±2 weeks between Landsat-8 OLI and ICESat-2 mea-
surements was used to matchup radiometric and Lidar data
[25]. Meanwhile, the corrected bottom depth of ICESat-2
was adjusted to match the tidal cycle of the Landsat-8
overpass, where the classical tidal harmonic analysis model
[44] was applied to calculate tide information of targeted
locations.

To match the measurements between ICESat-2 and OLI,
we first located the ICESat-2 track within the OLI image. For
a point of ICESat-2 corrected bottom depth, an OLI pixel
was first selected based on the closest Euclidean distance.
Since the footprint of ICESat-2 along the ground track is
0.7m, while the spatial resolution of OLI is 30m, there are
many ICESat-2 points within a Landsat-8 pixel. The
weighted average of ICESat-2 pixels located within an OLI
pixel was calculated following Lee et al. [45], and this aver-
age (represented as Href hereafter) is considered the “true”
bottom depth corresponding to an OLI pixel. This Href is
calculated as

Href =
1
n
〠
n

1

1
HLidar

 !−1

− tideICESat‐2 + tideLandsat‐8, ð2Þ

where n is the number of ICESat-2 points within the OLI
pixel, HLidar is the ICESat-2 bottom depth from Section
2.2, and tideICESat‐2 and tideLandsat‐8 are the tide heights at
the time of the ICESat-2 and OLI acquisitions, obtained
from the classical tidal harmonic analysis model [44].

2.4. Training Dataset

2.4.1. Depth Dataset. A reliable NN system requires a large
training dataset with a wide range of water optical and bot-
tom properties. In this study, the ICESat-2 and OLI data
over the Great Bahama Bank (GBB) and the Cay Sal Bank
(CSB) (yellow boxes in Figure 2) were selected to train the
NN algorithm. The Landsat-8 acquisition dates are listed
in Table 1. To ensure enough representation, a cloud cover-
age of less than 20% was applied for the CSB data, while this
cloud threshold is 10% for GBB. A total of 72,178 pairs of
ρrc and Href for GBB and 10,728 pairs for CSB were
obtained following the steps described above. In contrast,
and due to failure in atmosphere correction, the matchup
between Rrs and Href was 30,549 pairs for GBB and 5,499
pairs for CSB, which are about 50% of that between ρrc
and Href .
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Figure 2: Regions (the two yellow boxes) where both Landsat-8 OLI and ICESat-2 data were used for algorithm development. Histograms of
encountered bottom depth and Rayleigh-corrected reflectance at 865 nm (ρrcð865Þ) are included to show the ranges of measurements
covered by this study.

Table 1: Landsat-8 acquisition dates in the GBB and CSB used to
matchup the ICESat-2 data.

GBB CSB

2018/10/14 2019/01/09 2020/04/17

2019/1/18 2019/02/26 2020/07/06

2019/2/19 2019/04/15 2020/08/07

2019/3/23 2019/06/02 2020/08/23

2019/7/13 2019/08/05 2020/11/27

2019/7/29 2019/09/06 2020/12/13

2020/1/5 2019/10/08 2020/12/29

2020/2/6 2019/10/24 2021/02/15

2020/6/29 2019/12/11

2020/8/16 2020/02/29

2020/9/1 2020/03/16

2020/9/17 2020/04/01
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The bottom depth in the GBB and CSB area ranges ~0–
15m and ~5–25m, respectively (Figure 2). The bottom sub-
strates of GBB is spatially and temporally variable, which
includes seagrass, microalgae, brown macroalgae and sand
[46], while the major benthic substrates of CSB are seagrass
and sand [47]. Figure 2 also includes the histogram of ρrcð
865Þ from OLI, which is in a range of ~0.001-0.2, with most
of the data having ρrcð865Þ < 0:1 (equivalent aerosol optical
density at this wavelength is ~0.4), indicating a wide range
of aerosol loadings.

2.4.2. Dataset for Optically Deep and Optically Shallow
Waters. We classified water types into optically deep
(ODW) and optically shallow (OSW) waters, where a sepa-
rate NN was developed first for this segmentation, as empir-
ical algorithms (explicit empirical functions or implicit
neural networks) for H can only be applied to OSW. The
data used for the NN training came from known ODW
(Landsat-8 OLI measurements in Massachusetts Bay (2019/
04/17), Chesapeake Bay (2019/11/25), Yangtze River (2020/
12/22), and Tongue of The Ocean (TOTO) (2018/10/14))
and OSW environments (Figure 3). OSW is determined by
having valid HLidar from ICESat-2, while ODW is based on
the literature and visual inspection. From these OLI acquisi-
tions, 80,000 ρrc spectra were randomly selected from the
ODW regions, labeled as “ODW,” and 80,000 groups of ρrc
were selected from the OSW regions and labeled as
“OSW.” Figure 4 shows examples of ρrc spectra of optically
deep and optically shallow waters.

2.5. Evaluation Dataset. We extend the evaluation of the NN
performance with data from six different regions across the
Caribbean and South China Sea, covering a wide range of
aerosol loadings, bottom depths, benthic types, and water
properties that were not included in the training dataset.
Figure 5 presents true color images and ICESat-2 tracks of
these six regions that include the Little Bahama Bank (LBB),
Dry Tortugas (DT), the Bight of Acklins (BOA), the Caicos
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Figure 3: Regions of optically deep (ODW) and optically shallow (OSW) waters used for the development of a neural network to separate
OSW from ODW based on Landsat-8 measurements.
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Bank (CB), Xisha Island (XI), and Dongsha Island (DI)
(Figures 5(a)–5(f)). The acquisition time of Landsat-8 and
ICESat-2 data used in this effort is included in Table 2. These
regions represent a variety of geomorphic zones (reef crest,
patch reef, lagoon, and open ocean) and benthic types (coral
reef, seagrass, and sand), which provide a completely indepen-
dent evaluation of the algorithms developed.

3. Methods

3.1. Neural Network Systems. An image processing workflow
consisting of two MLP systems was developed for deriving H
from ρrc. First, a pixel is classified as OSW or ODW using
MLPρrcclass, where the depth of pixels classed as OSW is
derived with MLPρrcH . We termed this workflow as neural-
network-based-TOA-algorithm-for-bathymetry, NNTOA-
B. Figures 6(a) and 6(b) present schematic charts of the
two MLP systems. Fundamentally, MLP is a forward-
structured artificial neural network, which is capable of han-
dling nonlinear separable problems, easy to be implemented,
scalable, fast, high stability, and efficient in the learning pro-
cess [48].

Three units constitute an MLP architecture: an input
layer, several hidden layers, and an output layer. The num-
ber of neurons in the input layer is determined by the input
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Figure 5: Landsat-8 OLI true color images of six regions used to independently evaluate the algorithms developed for remotely sensing H.
The red solid lines are the matched ICESat-2 track. The orange box in (f) shows, as an example, an area of reef edge.

Table 2: Date, latitude and longitude information for Landsat-8
and ICESat-2 matchups over six regions, and the number of
matched up points that were used to independently evaluate the
algorithms.

Area Lat/Lon
Landsat-8

date
ICESat-2
date

Matchup
points

LBB
(a)

26.44N/-
77.48E

2019/07/13 2019/07/18 1064

DT (b)
24.66N/-
82.85E

2019/09/04 2019/09/24 46

BOA
(c)

22.53N/-
74.09E

2020/09/28 2020/09/28 289

CB (d)
21.59N/-
71.96E

2020/12/10 2020/12/16 1317

XI (e)
16.23N/
111.69E

2019/04/20 2019/04/21 11

DI (f)
20.69N/
116.81E

2019/05/17 2019/10/21 70
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data (the number of spectral bands). The MLP networks for
bothMLPρrcclass andMLPρrc

H have the same input layer contain-
ing seven neurons (the total number of OLI bands). The
number of hidden layers and the number of neurons in each
layer need to be determined for optimal results. After trial
and error, two hidden layers with 32 and 16 neurons
(Figure 6(a)) are found to work the best for MLPρrc

class, while
three hidden layers with 128, 32, and 16 neurons
(Figure 6(b)) were optimal for MLPρrc

H . The output of each
neuron is converted to the input for the neurons of the next
layer through a nonlinear activation function. The Rectified
Linear Unit (ReLU) was employed as the activation function
of the hidden layers [49], which largely avoids gradient dis-
appearance. The number of neurons in the output layer is
determined by the desired output (the depth), which is one
neuron for both MLPρrc

class and MLPρrc
H . In this layer, the sig-

moid activation function was used for binary classification
of water types [50], while the linear activation function was
used for water depth prediction.

Backpropagation, short for “error backpropagation,” is a
common procedure used in conjunction with optimization
methods to train NN [51]. This procedure computes the gra-
dient of the loss function (mean squared error for MLPρrc

H

and accuracy forMLPρrc
class) for all the reweightings in the net-

work, and this gradient is fed back to the optimization
method to update the weights and biases to minimize the
loss function using the learning rate (α) as a step. The adap-
tive moment estimation (Adam) of minibatch gradient
descent, with regular hyperparameters as η = 0:001, β1 = 0:9
, β2 = 0:999, and ε = 10−8, was used for optimization calcula-
tions [52]. The learning rate α of 0.001 and batch size of 128
performed well in this process. The training phase is finally
achieved when the iterations stop (2,000 epochs in our case)
and the loss function converges.

The Keras library, which is a powerful and easy-to-use
interface of Tensorflow [53], was used to train the two
MLPs. Tensorflow is an open-source library for numerical
computation [53], and its interface Keras provides a Python
interface to NN. Creating NN models on Keras is quite
straightforward because of its emphasis on implementing
user-friendliness [54].

3.2. Accuracy Assessment. To verify whether the trained
model is over- or underfitted, we subdivided the (GBB and
CSB) training dataset (Section 2.4.1) into subsets of 95/5
training/testing. Changing from 95/5 to 80/20 did not
impact the results.

To measure the deviation or difference of the estimated
H from MLPρrc

H (represented as Hest hereafter), we adopt
the coefficient of determination (R2) between any two sets
of data, the Root Mean Square Difference (RMSD) and the
Mean Absolute Relative Difference (MARD), between Href
and Hest as metrics. They are defined as follows:

RMSD =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N
〠
N

1
Hest −Hrefð Þ2

s
, ð3Þ

MARD =
1
N
〠
N

1

Hest −Href
Href

����
����, ð4Þ

where N is the total number of pairs used in the analyses.

4. Results

4.1. Optically Deep vs. Optically Shallow Waters. First, we
evaluated the MLPρrc

class classification accuracy using the test
subset. An accuracy of 100% was reached, where no ODW
was labeled as OSW, and vice versa. To verify its applicabil-
ity to a wider range of environments, we applied MLPρrcclass to
the six independent images from different regions, with clas-
sified ODW and OSW presented in Figure 7. Visually, the
OSW pixels in these regions, which have distinctively differ-
ent colors (see Figure 5) and ρrc spectra (see Figure 4), are
separated from the ODW pixels. Further, using pixels having
HLidar as an independent reference of OSW, the accuracy of
correctly identifying OSW by MLPρrcclass is in general greater
than 94% for these images (see Table 3), as a few OSW pixels
were classified as ODW due to low signal from the bottom
or complex topography in the Landsat-8 OLI images. Never-
theless, these evaluations indicate thatMLPρrc

class is effective in
separating OSW from ODW, although future upgrades and
revisions are always necessary in algorithm development.

Hidden Layer

(a) (b)

Input Layer

Activation: ReLU
Output Layer

Activation: sigmoid
classification

Hidden Layer

Input Layer

Activation: ReLU
Output Layer

Activation: Linear
regression

Figure 6: Schematic chart of the two neural network algorithms of this study, with (a) for the classification of ODW and OSW (MLPρrcclass)
and (b) for the estimation of bottom depth from ρrc (MLPρrcH ).
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4.2. Bottom Depth

4.2.1. Training Data. Figure 8(a) shows Hest plotted against
Href of the 78,698 subset for training MLPρrc

H . For these mul-
titemporal images with varying water properties, aerosols,
and bottom characteristics, NNTOA-B achieved an R2 and
MARD of 0.96 and 8.8%, respectively, for H ranging
between ~0 and 25m, suggesting high predictability of
NNTOA-B. There are a few (<0.1% of the total data) outliers
in Hest, which are likely due to imprecise matchup between
the footprints of the two satellite sensors and the sharp
drop-offs of H near cliffs (see Section 4.2.3), as well as pho-
ton outliers that were not properly filtered. These are not

avoidable when measurements from two satellites of differ-
ent characteristics are compared with each other.

Further, NNTOA-B was evaluated using the test subset
(4,141 points), i.e., 5% of the training data, with Hest com-
pared with Href showing in Figure 8(b). Like the training
subset, most of the data points are around the 1 : 1 line, with
R2 as 0.92 and MARD as 8.6% for H in the range of 0–25m.
If the few (<0.1%) outliers are removed, the R2 and MARD
become 0.98 and 8.1%. These results further support the
capability of MLPρrcH to estimate H using ρrc (430–2300 nm).

4.2.2. Bottom Depth of GBB and CSB. Using the trained
MLPρrcclass and MLPρrcH , we processed eight Landsat-8 OLI
images in the GBB and CSB and compiled a shallow water
bathymetry map from these OLI measurements (see
Figure 9(a)). For each image, the water depth (Hmean) is
the result of Hest minus the tidal height at the observation
time; i.e., they all are normalized to the mean sea level. If
one pixel has more than one product from OLI, an averaged
Hmean was calculated from the available products. This
bathymetry map, a composite from eight OLI images, pro-
vides a complete and high-resolution (30m) detail of the
GBB area never achieved before. Compared with the depth
(300m resolution) generated from 187 MERIS images over

Table 3: Accuracy of OSW identification by MLPρrcclass when it is
applied to the six regions for independent evaluations.

Area Accuracy (%)

LBB (a) 100.0

DT (b) 97.8

BOA (c) 100.0

CB (d) 94.3

XI (e) 100.0

DI (f) 98.6
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Figure 7: Results of classification by MLPρrcclass for the Landsat-8 OLI images shown in Figure 5. Red color represents OSW, and light blue
represents ODW, while grey and white colors represent land and cloud, respectively.
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the GBB [46], the bathymetry patterns of both maps are very
consistent (R2 is 0.89 between the two images), along with a
mean absolute relative difference of 14.7% (see Figure 9(b)).
In view that the MERIS H product did not use any ICESat-2
information and that different data sources with different
lifespan and fundamentally different algorithms used for
the generation of the H maps, this comparison indicates
highly consistent H products from the two independent
determinations.

4.2.3. Depth of Independent Dataset. The key to any remote
sensing algorithm is its applicability to new measurements
or new environments that are not included in the training
phase of algorithm development. We evaluated the perfor-
mance of NNTOA-B with the six independent OLI images
obtained from regions not covered by the training data.
The resulted bottom depths are shown in Figure 10, while
Figure 11 shows scatterplots between Hest and Href . Across

all six locations, Hest agrees with Href excellently (Figure 11).
Overall, the R2 value is 0.98, along with RMSD of 0.5m and
MARD of 8.3% for these data. Since these image data were
not included in the training, these results show a portability
achieved by NNTOA-B that was missing in previous empir-
ical algorithms for bathymetry, at least for the data included
in this effort.

Among the six locations, better statistics were found for
LBB (H ranging between 0.5 and 9m, Figure 11(a)) and CB
(H ranging between 0.5 and 20m, Figure 11(d)). In part, this
could be a result of much more data points, so a few outliers
due to matchup issues have less impact on the statistical
evaluation; or the fact that these regions are closer to the
data used to train MLPρrc

H . For BOA (H ranging from 0.5
to 3m, Figure 11(c)), the estimated H was systematically
deeper by ~0.2m. This is likely due to the nearly closed
topography of this region, where an accurate tide correction
is difficult [55].
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For the other three regions (DT, XI, and DI), the statis-
tics between Hest and Href are not as good as that of the three
regions discussed above. In part, it is because of the fewer
number of matchups for these regions: 46 for DT
(Figure 11(b)), 11 for XI (Figure 11(e)), and 70 for DI
(Figure 11(f)), a result of small terrain and high cloud cover
in the OLI images. Therefore, a few outliers in the matchup
data can impact the statistics significantly. In addition,
because of the small terrain and subpixel variations (e.g.,
XI; see Figure 10(e)), it is difficult to achieve precise matchup
between Landsat-8 and ICESat-2 measurements, where the
footprint of OLI is 30m. Further, the spatial variation in
DT area is quite complex [56] (also see Figure 10(b)); thus,
spatial heterogeneity will also contribute to the slightly
degraded statistics for these regions. Nevertheless, although
the training of MLPρrcH is completely independent of these
regions and environments, the overall R2 and MARD for
these three regions are still 0.85 and 19.0%, indicating very
good estimation of H on average by MLPρrc

H .
For XI and DI, located in the Eastern Hemisphere, there

is a similar trend of underestimation for depths greater than
7m. The reason being that the water depth changes rapidly
within an OLI pixel as it is at the edge of the reefs (see
Figure 12 for an example), making it extremely difficult to
obtain a representative bottom depth corresponding to the
OLI spectrum of such a pixel, even though the weighted
average of water depth was used [45]. Because shallower bot-
tom contributes more to the measured total signal within a
pixel, remotely sensed bottom depth from water color will

in general tilt to an underestimation if there are strong depth
variations within a pixel [45].

4.3. Performance of a Band-Ratio Algorithm. The empirical
two-band ratio algorithm (TBRA) using Rrs as the input
for the estimation of H is often applied to obtain maps of
bottom depth from multiband imagery [2, 21, 57]. As first
proposed by Stumpf et al. [2], TBRA takes the form of

HTBRA =m0 +m1
ln 3:14αRrs λið Þð Þ
ln 3:14αRrs λj

� �� � : ð5Þ

Here, λi and λ j for Landsat-8 OLI are 482 and 561 nm;
α can be fixed at 1000, while values of m0 and m1 are
empirical coefficients to be derived from a training dataset
[2, 10, 21, 57].

For the matchup points used to train MLPρrc
H , we also

compiled a dataset containing Rrs and Href , but the total
numbers are much less (36,048 matchups) due to issues with
atmosphere correction in shallow coastal waters. Also, 95%
of this dataset was used to obtain the values of m0 andm1;
the other 5% used to verify the empirical algorithm.
Figure 13(a) compares HTBRA with Href of the model train-
ing subset, while Figure 13(b) compares HTBRA with Href
of the model test subset. For these datasets, TBRA obtained
R2, RMSD and MARD of 0.75, 1.5m and 28% for the train-
ing subset and 0.73, 1.5m, and 30% for the test subset,
respectively, which are significantly worse compared to the
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Figure 10: Bottom depth of the six regions showing in Figure 5 after applying MLPρrcclass and MLPρrcH . Grey and white colors represent land
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performance of MLPρrc
H for these measurements (see

Figure 11 and Table 4).
As the evaluation of NNTOA-B to independent data, we

also applied this newly updated TBRA to the six regions
independent of algorithm development (see Figure 14).

Despite the accurate Hest retrievals for CB (see Figure 14(d)),
the other five regions show quite large uncertainties, which
include LBB where the environment is quite similar with
that of GBB and CSB used to update the coefficients of
TBRA. These tests and evaluations highlight, as indicated
in previous studies [2, 25], that the algorithm coefficients
(m0 andm1) of TBRA are highly region and data depen-
dent. Thus, for each scene, a new set of algorithm coeffi-
cients are required for more reliable H derivation.
Furthermore, because it uses Rrs as the input, significantly
less coverage in the H products is obtained compared to
using ρrc(430–2300 nm) as the input. These results empha-
size the significantly improved applicability of MLPρrc

H for
the remote sensing of bottom depth. In addition, as pointed
out in Lee et al. [25], the application of TBRA requires a
step to separate OSW from ODW; otherwise, erroneous
depths can be obtained.

5. Discussion

The above tests and evaluations indicate that NNTOA-B can
obtain highly accurate estimation of H from OLI-derived ρrc
(430–2300 nm) and that NNTOA-B has high portability,
implying that reliable H could be obtained from new OLI
acquisitions without modifying NNTOA-B. One of the likely
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reasons for the promising results lies in the simultaneous use
of the visible-SWIR domain where traditionally two-separate
routines have been used in the data processing of satellite
ocean color measurements; the first being atmospheric cor-
rection and the second the retrieval of water and/or bottom
properties. Atmospheric correction focuses on the spectral
information in the NIR-SWIR range, but the second compo-
nent (for properties below the sea surface) focuses on the
spectral information in the visible range, although all come
from the same Lt or ρrc spectrum. NNTOA-B does not
explicitly separate the two processes for the retrieval of H
from ρrc, but since all spectral information in the visible-
SWIR is employed in this algorithm, the information related
to aerosol is included (where ρrcð865Þ is as high as 0.2, see
Figure 2), although no aerosol product is generated with
MLPρrc

H . It thus avoided the challenges of obtaining highly
accurate Rrs for nearshore shallow waters [30]. It is impor-
tant to emphasize that the contributions from Rayleigh scat-
tering can be accurately calculated [58] and removed. Since
Rayleigh contributions make a significant part of the top-
of-atmosphere radiance in the blue-green domain, which is
also the spectral window that solar radiation best reaches
the bottom for most natural waters, a ρrc spectrum has sig-
nificantly enhanced water signal (see Figure 4) than a ρt

spectrum where contributions of Rayleigh scattering are still
included.

The excellent results of H retrieval by NNTOA-B from
OLI measurements are somewhat surprising, as Landsat-8
OLI has four bands (with wide bandwidth) in the visible
(400–700nm) domain, which contradicts the conclusion of
an earlier study [20] that it is better to have 15 or so bands
in the visible domain for shallow water remote sensing. This
difference lies in the approaches used, where Lee and Carder
[20] used a semianalytical algorithm (HOPE) to simulta-
neously solve for unknowns of water and bottom properties,
a scheme does not assume any ranges or values of the tar-
geted parameters, while MLPρrcH relies on “learning” of pro-
vided pairs of H and ρrc; thus, the solution of H from
MLPρrcH is in a predetermined parameter space, rather than
the widely open space that HOPE-based semianalytical algo-
rithms take. Fundamentally, an Rrs spectrum of OSW is a
function of four variables [18]: absorption and backscatte-
ring coefficients, bottom reflectance, and H. With H limited
to a predetermined space from the learning processing, four
bands in the visible domain of OLI imagery appear to have
sufficient information for accurate retrieval of H by a NN,
although the accuracy may not necessarily be the same for
the retrieval of the optical properties such as backscattering
coefficient or bottom reflectance.

It is necessary to point out that, although the results are
greatly promising, this study focused on OSW in the tropical
and subtropical regions, where water properties are generally
clear, and the range of ρrc(865) is 0–0.2, along with marine
aerosols. It remains to be seen how the present NNTOA-B
performs for OSW in mid to high latitude waters, where
both water and atmospheric properties could be very differ-
ent from those encountered here. With the availability of
more HLidar and Landsat-8 OLI images of various latitudes,
the evaluation of NNTOA-B will be expanded; and, as all
algorithm development, the present NNTOA-B will likely
be revised and updated to cover mid-to-high latitude
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Table 4: Performance assessment of both MLPρrcH and TBRA with
its datasets, respectively, for algorithm training.

Method Dataset R2 RMSD
(m)

MARD
(%)

Data
number

MLPρrcH

Training
subset

0.96 0.7 8.8 78,698

Test subset 0.92 0.9 8.6 4,141

TBRA
Training
subset

0.75 1.5 28.0 34,246

Test subset 0.73 1.5 30.0 1,802
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regions. In addition, as the focus of this effort is on the devel-
opment and evaluation of MLPρrc

H , the confidence at pixel
level [25] of NNTOA-B estimated H was not calculated. This
is also because that due to the significantly expanded data
pool for training (>80,000), it is computationally demanding
to obtain a confidence score following the scheme developed
in Lee et al. [25], where improvements in its computation
efficiency are beyond the scope of this study.

6. Conclusions

In this effort, with collocated measurements from both
Landsat-8 OLI and ICESat-2, we show that bottom depth
of OSW can be retrieved with high accuracy from the
Rayleigh-corrected top-of-atmosphere reflectance spectrum
after a NN-based workflow (NNTOA-B) was successfully
trained with a large number and a wide range of data. This
NNTOA-B shows promising portability to other shallow
regions not included in the training, thus overcoming a
long-standing limitation of traditional empirical algorithms
for H that works best with data/image used in algorithm
training. With data from ICESat-2 and high-resolution
imagery growing by day, we see the generation of accurate,
high-resolution, bathymetric product of global OSW in the
horizon. Such data product will not only help economic
activities and monitoring of coastal shallow environments

but also provide valuable input for the estimation of both
water column properties and substrate types from multiband
imagery. Remote sensing of OSW is now entering a new era.

Data Availability
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data are also publicly available through the National Snow
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with descriptions can be found in the cited reference of Neu-
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