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Abstract

The back propagation (BP) neural network method is widely used in bathymetry based on multispectral satellite
imagery. However, the classical BP neural network method faces a potential problem because it easily falls into a
local minimum, leading to model training failure. This study confirmed that the local minimum problem of the BP
neural network method exists in the bathymetry field and cannot be ignored. Furthermore, to solve the local
minimum problem of the BP neural network method, a bathymetry method based on a BP neural network and
ensemble learning (BPEL) is proposed. First, the remote sensing imagery and training sample were used as input
datasets, and the BP method was used as the base learner to produce multiple water depth inversion results.
Then, a new ensemble strategy, namely the minimum outlying degree method, was proposed and used to
integrate the water depth inversion results. Finally, an ensemble bathymetric map was acquired. Anda Reef,
northeastern Jiuzhang Atoll, and Pingtan coastal zone were selected as test cases to validate the proposed
method. Compared with the BP neural network method, the root-mean-square error and the average relative
error of the BPEL method can reduce by 0.65-2.84 m and 16%-46% in the three test cases at most. The results
showed that the proposed BPEL method could solve the local minimum problem of the BP neural network
method and obtain highly robust and accurate bathymetric maps.
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1 Introduction

Shallow water bathymetric maps constitute important geo-
graphical data that have a wide range of applications in coastal
management (Sun et al., 2021), sailing safety (Andréfouét et al.,
2003), reef island construction (Andrejev et al., 2011), and coral
reef ecosystems (Melet et al., 2020). Traditionally, shallow water
bathymetric data are collected using ship-mounted acoustic
and airborne light detection and ranging. However, these ap-
proaches are expensive and impractical in sensitive areas (Wang
et al., 2020). In recent years, multispectral satellite imagery
(MSI)-based bathymetric methods have received much attention
because of their advantages, including low cost, wide coverage,
rich data sources, and no region restriction (Casal et al., 2019;
Cao etal., 2021).

The MSI-based bathymetric methods originated in the 1970s
(Polcyn, 1976). Through decades of bathymetric theory develop-
ment, many classical MSI-based bathymetric methods have been
proposed, such as the theoretical analysis method (Lee et al.,
1998; Huang et al., 2017), Stumpf band ratio method (Stumpfet al.,
2003; Leon and Cohen, 2012; Ma et al., 2020), Lyzenga polynomi-
al method (Lyzenga, 1978, 1985; Liang et al., 2017; Manessa et al.,
2018), and back propagation (BP) neural network method (San-
didge and Holyer, 1998; Liu et al., 2018; Collin et al., 2017).
Among these methods, the BP neural network method (herein-
after referred to BP method) has exhibited the best inversion per-
formance in many studies and is widely used in recent years
(Ceyhun and Yalgin, 2010; Gholamalifard et al., 2013; Liu et al.,
2015; Chu et al., 2019; Guo et al., 2021). The BP method has been
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applied by many authors in different types of environments us-
ing data from different satellites, including Landsat-8 (El-Mewafi
et al., 2018), Sentinel-2 (Chu et al., 2019), Quickbird (Ceyhun and
Yalgin, 2010), Spot-6 (Hussein and Nadaoka, 2017), and World-
View-3 (Collin et al., 2017).

The BP method is a feedforward neural network with error
backpropagation and is one of the most widely applied neural
network models (Li et al., 2012). The BP method was proposed by
a group of scientists lead by Rumelhart and McCelland in 1986
(Rumelhart and McClelland, 1986). Subsequently, the Stennis
Space Center of the Naval Research Laboratory used the BP
method for shallow water bathymetry (Sandidge and Holyer,
1998), using the following processes. First, the spectral reflect-
ance and water depth data are the input and output layers, re-
spectively. Second, the weighting matrix of the hidden layer was
corrected by measured water depth. Finally, the corrected model
was used for water depth inversion. MSI-based bathymetry is af-
fected by numerous variables, including seafloor sediments, wa-
ter chlorophyll, atmospheric aerosols, and solar altitude. These
features determine the nonlinearity of water depth inversion
(Ceyhun and Yalgin, 2010). The greatest advantage of the BP
method is its excellent nonlinear fitting ability (Qiu et al., 2018;
Kim et al., 2019), which is why the BP method is superior to oth-
ers in many studies. Another advantage of the BP method is its
ease of use because the user does not need to understand the
physical model of water depth inversion and can train the inver-
sion model directly using sample data. Therefore, the BP method
has been widely employed.

However, the classical BP method easily falls into a local min-
imum (Hirose et al., 1991; Deng et al., 2021). The BP method ad-
opts a decreasing gradient algorithm to determine the optimal
solution, and the error function is a curved multi-dimensional
space, which, in the training process, may fall into a small valley
area and generate local minima, leading to model training fail-
ure (Lee et al., 1993). In theory, the local minimum problem can
be solved by selecting appropriate parameters (such as the learn-
ing rate and the number of hidden layer nodes) and the initial
network weight. The appropriate parameters can be selected by
empirical and traversal methods (Islam et al., 2003; Benardos and
Vosniakos, 2007). However, the initial network weight is difficult
to set manually because of the large quantity; thus, the random
assignment method is commonly adopted. Therefore, it is ran-
dom and unruly that the BP method falls into the local minimum.

The shallow water bathymetry based on the BP method also
faces the same problem of local minima. In order to avoid the
problem, researchers usually contrast bathymetry results with
measured water depth samples and then estimate the problem of
local minima depending on the artificial experience. If the local
minima are suspected, researchers must produce a new bathy-
metry result by changing the initial network weight of the BP
method and reestimate it. This process is subjective and incon-
venient. Therefore, shallow water bathymetry based on the BP
method is discussed and improved through experimental re-
search. The main contributions of this paper are that a bathy-
metry method based on a BP neural network and ensemble
learning is proposed, which solves the local minimum problem
of the BP method.

2 Bathymetry method based on a BP neural network and en-
semble learning

In this paper, we propose a bathymetry method based on a

BP neural network and ensemble learning (BPEL). As shown in

Fig. 1, the remote sensing imagery and training sample are the

input dataset, and the BP method is used as the base learner to

remote sensing dataset
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Fig. 1. Procedures of bathymetry method based on a back
propagation (BP) neural network and ensemble learning.

produce multiple water depth inversion results. Then, a new en-
semble strategy, the minimum outlying degree method, is pro-
posed and used to integrate the water depth inversion results. Fi-
nally, an ensemble bathymetric map is acquired.

2.1 Base learner: BP neural network
The BP method is expressed as

- o
{ oliRTe O

where X, H, and O are the input layer, hidden layer, and output
layer vectors, respectively; w and v are the weight vectors of con-
nections from the input layer to the hidden layer and from the
hidden layer to the output layer, respectively; and 0 and 6, are
the activation thresholds of the neural elements in the hidden
layer and output layer, respectively. Function f is usually a non-
linear sigmoidal function applied to the weighted sum of inputs
before the signal passes to the next layer. During the learning
processes of a BP neural network, a squared error, such as E=

% Z (0 — 0,)?% is usually used as the error function, where O, is

the expected output vector.

2.2 Ensembile strategy: minimum outlying degree method

Because the initial network weight of the base learner BP
neural network is randomly different, each base learner will pro-
duce a water depth inversion result, that is, a water depth set
S={d,dy,--- ,dj,--- ,dr} in the same geographical location,
where L is the number of base learners, and d, represents the wa-
ter depth from the inversion of the Ith-base learner. To integrate
the water depth set S, we propose an ensemble strategy based on
the minimum outlying degree. The outlying degree is expressed
as

L

1
-1 > ldi—dil, 2)
=1, il
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where OD; is the outlying degree of the water depth result 4, the
range of OD; is [0, 1]; the greater the OD,, the greater is the likeli-
hood that 4, is noise. It should be noted that the OD; is valid only
when L = 2. The procedures of the ensemble strategy are based
on the minimum outlying degree, as shown in Fig. 2.

(1) Calculating the outlying degree of each water depth result
in S: According to Eq. (2), the outlying degree of the water depth
setS = {dy,dy,ds3, -, dp}is {OD;,0D,,0D;,--- ,0ODr}.
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Fig. 2. Procedures of the ensemb]e strategy based on the minim-
um outlying degree.

(2) Finding the water depth results with the minimum outly-
ing degree: The minimum outlying degree OD,, and correspond-
ing number p were determined by OD, =min {OD;, OD,, ODj, - - - ,
oD}, p €{1,2,3,--- ,L}. Then, the water depth results d,,
which have a minimum outlying degree, are formed into a new
water depth set S' = {d,}. It should be noted that the p and d,,
maybe unique or multiple, because the final minimum outlying
degree maybe has two or more identical values.

(3) Averaging the element of §': When the number of ele-
ments in the new water depth set §' is N=1, the d,, is the en-
semble result. When N>1, the average of elements in §' is the en-
semble result.

(4) Traversing the entire experimental area: The ensemble
bathymetric map was acquired by traversing the entire experi-
mental area.

2.3 Result evaluation

The accuracy assessment was performed using two statistical
parameters: the root-mean-square error (RMSE) and the average
relative error (ARE). The smaller the RMSE and ARE values, the
higher the accuracy of the bathymetric inversion.

RMSE = 3)

1 " |Zi_21“
ARE = = Y = 4

where z; is the measured water depth, z; is the inverted water
depth, and 7 is the number of test samples.

3 Experiments and analysis

3.1 Study area and data

The study areas were the Anda Reef (Fig. 3a), northeastern Ji-
uzhang Atoll (Fig. 3b), and Pingtan coastal zone (Fig. 3c). The wa-
ter bodies in Anda Reef and northeastern Jiuzhang Atoll are
oceanic waters (CASE I waters), and the water body in Pingtan
coastal zone is CASE II waters.

The MSIs were acquired using Sentinel-2 satellites. The Level-
1C product is used for bathymetric inversion. The acquired times
of MSIs for the Anda Reef (Fig. 3a), northeastern Jiuzhang Atoll
(Fig. 3b), and Pingtan coastal zone (Fig. 3c) were April 9, 2017
(02:35 universal time coordinated (UTC)), March 15, 2018 (02:35
UTC), and February 22, 2021 (02:37 UTC), respectively. The im-
age coordinate system of Anda Reef, northeastern Jiuzhang Atoll,
and Pingtan coastal zone were WGS84 UTM 49N, WGS84 UTM
49N, and WGS84 UTM 50N, respectively. The bands of Sentinel-2
MSIs used in this study were blue, green, and red, with a resolu-
tion of 10 m. The digital number (DN) values of these bands are
the input layers of the neural network.

The in situ depth data of the Anda Reef (Fig. 3a), northeast-
ern Jiuzhang Atoll (Fig. 3b), and Pingtan coastal zone (Fig. 3c)
were measured by the Odom Hydrotrac II (Teledyne Odom Hy-
drographic, Baton Rouge, LA, USA) single-beam and SONIC 2024
(R2Sonic LLC, Austin, TX, USA) multibeam echo sounders. Both
have a depth accuracy of 0.01 m. An Applanix POS MV Elite
(Trimble, Inc., Sunnyvale, CA, USA) position and orientation sys-
tem was used to provide positional data, and we also used the
Fugro Marinestar (Fugro N.V,, Leidschendam, the Netherlands)
satellite-based positioning service, which has a horizontal posi-
tioning accuracy of 0.1 m and a vertical positioning accuracy of
0.15 m. The depth datum was referenced to the mean sea level
(MSL). The MSL of the Anda Reef, northeastern Jiuzhang Atoll,
and Pingtan coastal zone are 1.30 m, 1.30 m, and 4.03 m above
the tidal datum, respectively. The tidal levels of image acquisi-
tion time of the Anda Reef, northeastern Jiuzhang Atoll, and
Pingtan coastal zone are 1.39 m, 1.13 m, and 3.90 m, respectively.
Depth measurements were corrected to the instantaneous depth
of image acquisition time, and the coordinate systems are
identical to the MSIs. We calculated the mean depth values with-
in each image pixel. The 1 315 pixels in the Anda Reef contain
depth data, and depths ranged from 0 m to 20 m. The 1 321 pixels
in the northeastern Jiuzhang Atoll contain depths ranging from
0 m to 30 m. The 1 185 pixels in the Pingtan coastal zone contain
depths ranging from 0 m to 5 m.

3.2 Comparison of the robustness of the BP and BPEL methods

In this section, we compare the robustness of the BP and
BPEL methods. The BP method was implemented using MAT-
LAB, and the experimental setup refers to the literature (Chu et
al., 2019) which has excellent inversion performance, specifically
as follows. The input layer contained three nodes (red, green,
and blue bands), and the hidden layer contained seven nodes.
The transfer functions in the hidden and output layers were
tansig and purelin, respectively, and the training function was
trainlm. The maximum number of trainings, learning rate, mo-
mentum factor, and training target error were 1 500, 0.05, 0.9, and
1075, respectively. The experimental setup of the BPEL method
was as follows. There were five base learners, and the setup of the
base learner was identical to that of the BP method. Three hun-
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Fig. 3. Study areas and data for the Anda Reef (a), northeastern Jiuzhang Atoll (b), and Pingtan coastal zone (c).

dred pixels that contained depth data were randomly selected as
training samples, and the remaining pixels were used as test
samples. The BP and BPEL methods shared a set of training and
test samples. To compare the robustness of the BP and BPEL
methods, 100 repeated experiments were performed for the two
methods. The RMSEs of 100 repeated experiments using the BP
and BPEL methods are compared in Fig 4. Figure 4 shows that
the RMSEs of the BP method are scattered and have poor robust-
ness, whereas the RMSEs of the BPEL method are stable and ro-
bust.

3.3 Comparison of bathymetric maps of BP and BPEL methods
There is a great variation of the robustness between the BP
and BPEL methods, though the best results of both methods are
outstanding and similar (Figs 4 and A1). In this section, the three
worst results in the 100 repeated experiments (Fig. 4), which are
representative of the BP and BPEL methods, are compared to
analyze the difference between the two methods. In the Anda
Reef experiment, the three worst results, in order, of the BP meth-
od, were the 85th, 31st, and 91st repeated experiments. The three
worst results, in order, of the BPEL method were the 50th, 70th,
and 96th repeated experiments. The bathymetric maps of the

three worst results of the BP and BPEL methods are compared in
Fig. 5, and their error scatterplots are compared in Fig. 6. In the
northeastern Jiuzhang Atoll experiment, the three worst results of
the BP method, in order, were the 57th, 72nd, and 91st repeated
experiments. The three worst results of the BPEL method, in or-
der, were the 96th, 58th, and 8th repeated experiments. The ba-
thymetric maps of the three worst results of the BP and BPEL
methods are compared in Fig. 7, and their error scatterplots are
compared in Fig. 8. In the Pingtan coastal zone experiment, the
three worst results of the BP method, in order, were the 41st,
39th, and 45th repeated experiments. The three worst results of
the BPEL method, in order, were the 43rd, 74th, and 59th re-
peated experiments. The bathymetric maps of the three worst
results of the BP and BPEL methods are compared in Fig. 9, and
their error scatterplots are compared in Fig. 10. Table 1 com-
pared the inversion accuracies (RMSEs) of the three worst results
of the BP and BPEL method in the Anda Reef, northeastern Ji-
uzhang Atoll, and Pingtan coastal zone.

In Fig. 5, the bathymetric maps of the BP method on the
southwest corner of the Anda Reef are shallower than the real
values and lose many underwater terrain features (Figs 5a-c). On
the northeast corner of the Anda Reef, the bathymetric maps of



158

25

20 T—a

RMSE/m

05 . . . A . L
Serial number of repeated experiment

1.0 ¢
09
08 &
0.7
0.6 | "

RMSE/m

05 | "
04 | B
0.3 |auterbobpasitadiiiesmidih o & L .

Serial number of repeated experiment

Chu Sensen et al. Acta Oceanol. Sin., 2023, Vol. 42, No. 5, P. 154-165

55
50 a
45

4.0

RMSE/m

3.0 A

25 [adiiind e suiivd

20 ||||| (TRRRRERAEY TRRRARTRT] [TTRSRTRTRT TR ' 1 [ATETRTREET PRRNTRRRRE ARNRRERNET] J
0 10 20 30 40 50 60 70 8 90 100

Serial number of repeated experiment

4 BP method

BPEL method

Fig. 4. Root-mean-square errors (RMSEs) of 100 repeated experiments of the back propagation (BP) and BP neural network and
ensemble learning (BPEL) methods for the Anda Reef (a) northeastern Jiuzhang Atoll (b) and Pingtan coastal zone (c).

the BP method are deeper than the real values, and the coral reef
contours are indistinct (Figs 5a-c). In Fig. 7, the bathymetric
maps of the BP method exhibit large differences. Figures 7a and b
are also shallower than the real values and lose many underwa-
ter terrain features in the blue-colored deep-water region. Figure
7c mistakenly retrieved the red-colored shallow water reefs as
blue-colored deep-water regions. In Fig. 9, the bathymetric maps
of the BP method also exhibit large differences. Figure 9a is shal-
lower than the real values in the southeast, and Figs 9b and c
have lots of speckle noise. Compared with the BP method, the
bathymetric maps of BPEL were stable and had clear coral reef
contours (Figs 5d-f, 7d-f, and 9d-f).

Figures 6, 8, 10, and Table 1 quantitatively display the superi-
ority of the BPEL method. The correlations between estimated
depth versus measured depth in the BPEL method are signific-
antly higher than those in the BP method (Figs 6, 8, and 10). The
RMSE and ARE of the BPEL method were 0.99-1.76 m, 12%-16%
lower than those of the BP method in the Anda Reef experiment.
The RMSE and ARE of the BPEL method were 2.80-2.84 m,
35%-46% lower than those of the BP method in the northeastern
Jiuzhang Atoll experiment. The RMSE and ARE of the BPEL
method were 0.46-0.65 m, 2%-26% lower than those of the BP
method in the Pingtan coastal zone experiment. From the view of
different depths of water, the RMSEs of the BPEL method all are
lower than those of the BP method (Table 1). In summary, there
were many errors in the inversion results of the traditional BP
method, whereas the proposed BPEL method was superior to the
BP method in terms of bathymetric maps and inversion accuracy.

3.4 Effects of the number of training samples on BPEL methods

To study the effects of the number of training samples K on
the BP and BPEL methods, we varied K between 5 and 1 000 in
intervals of 5. We set up 10 repeated experiments for each value

of K, and the average RMSE of the 10 repeated experiments was
used as the inversion accuracy of the number of training samples
K. In addition to K, the other parameters of the BP and BPEL
methods were identical to the experiments in Section 3.2. Figure
11 shows the effects of training samples K on the BP and BPEL
methods; the error bars represent the standard deviations of the
10 RMSE values. In Fig. 11, the RMSE of the bathymetric inver-
sion initially decreases and then stabilizes as K increases.
However, in the plateau stage of RMSE (K>200), the accuracy of
the BPEL method was superior to that of the BP method, and the
error bars of the BPEL method were negligible.

3.5 Effects of the number of base learners on BPEL methods

Compared with the BP method, the proposed BPEL method
adds a new parameter: the number of base learners, L. To study
the impact on the inversion accuracy of the BPEL method, we
varied L between 2 and 20 in intervals of 1. As a contrast, the in-
version accuracy of the BP method was calculated and was
shown at the place L=1 (because the mathematical model of the
BP method has one base learner). We also set up 10 repeated ex-
periments for each value of L, and the average RMSE of the 10 re-
peated experiments was used as the inversion accuracy of the
number of L. In addition to L, the other parameters of the BPEL
and BP methods were identical to the experiments in Section 3.2.
The effects of the number of base learners L on the BPEL meth-
ods are shown in Fig. 12, with the error bars representing the
standard deviation of the 10 RMSE values. From Fig. 12, the vari-
ation in RMSE with increasing L had two distinct phases. In the
first phase, the RMSE decreases, but the error bars are still very
large when L<3. In the second phase, the RMSE is stable, and the
error bars are very small when L=3. In addition, compared with
the RMSEs of the BP method, the RMSEs of the BPEL method are
lower and more robust when L=3.
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Fig. 5. Bathymetric maps of the three worst results for the back propagation (BP) and BP neural network and ensemble learning
(BPEL) methods in the Anda Reef. a-c. Bathymetric maps of the 85th, 31st, and 91st repeated experiments for the BP method. d-f.
Bathymetric maps of the 50th, 70th, and 96th repeated experiments for the BPEL method.

4 Discussion

4.1 Performance advantages of the BPEL method compared with
the BP method

The BP method was not robust. Although the BP method can
obtain a high-accuracy bathymetric map in most cases, a bathy-
metric map with a large error can also be obtained, and this can-
not be ignored. The main reason for the poor robustness is that
the BP method easily falls into a local minimum. Because the ini-
tial network weight is set by the random assignment method, the
phenomenon of falling into a local minimum is random and
leads to the poor robustness of the BP method.

Compared to the BP method, the BPEL method has higher ro-
bustness and inversion accuracy. The superiority of the BPEL
method could be attributed to three factors. (1) The ensemble
learning technique was adopted. The characteristics of ensemble
learning include the use of differentiated base learning to im-
prove robustness and accuracy. The BPEL uses the BP method as
the base learning and uses the initial network weight random as-
signment characteristics to form different base learning. In other
words, the ensemble learning technique turned the disadvant-
age of the initial network weight random assignment into an ad-
vantage, thereby improving the robustness and accuracy of the
BPEL method. (2) An ensemble strategy based on the minimum
outlying degree was proposed. In the inversion results of en-
semble learning (BP method), most of the results were correct
and stable, and only a few were noise and scattered. The en-

semble strategy based on the minimum outlying degree could re-
move outlier noise and maintain the most stable value as the out-
put, which ensured the high robustness and accuracy of the BPEL
method. (3) The BPEL method retained the advantage of excel-
lent nonlinear fitting of the BP method. Because the base learn-
ing of the BPEL method is the BP method, the advantage of the
BP method was inherited. Furthermore, the disadvantage of the
BP method was resolved by the above measures. Therefore, the
BPEL method exhibited excellent performance in bathymetry.

4.2 Recommendations for the number of training samples for the

BPEL method

Both BPEL and BP methods have a high demand for training
samples because both methods are statistical methods that dir-
ectly train the inversion model by training samples. In this sec-
tion, we discuss and provide recommendations for selecting the
number of training samples, K.

Figure 11 shows that the RMSE of the bathymetric inversion
initially rapidly decreases with increasing training samples K;
after a certain value of K, the decrease in the RMSE becomes
more gradual, and the RMSE value eventually stabilizes. This is
because the mapping rules from MSI reflectance to water depth
become increasingly clear and reliable as the number of training
samples increases, causing the RMSE of the bathymetric inver-
sion to rapidly decrease with increasing K. However, after the
rules from training samples are mastered, further increases in
training samples cannot exhibit new mapping rules, and the
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Fig. 6. Scatterplots (estimated depth versus measured depth) of the three worst results for the back propagation (BP) and BP neural

network and ensemble learning (BPEL) methods in the Anda Reef. a-c. Scatterplots of the 85th, 31st, and 91st repeated experiments
for the BP method. d-f. Scatterplots of the 50th, 70th, and 96th repeated experiments for the BPEL method.
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Fig. 7. Bathymetric maps of the three worst results for the back propagation (BP) and BP neural network and ensemble learning
(BPEL) methods in the northeastern Jiuzhang Atoll. a-c. Bathymetric maps of the 57th, 72nd, and 91st repeated experiments for the BP
method. d-f. Bathymetric maps of the 96th, 58th, and 8th repeated experiments for the BPEL method.
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Fig. 8. Scatterplots (estimated depth versus measured depth) of the three worst results for the back propagation (BP) and BP neural
network and ensemble learning (BPEL) methods in the northeastern Jiuzhang Atoll. a-c. Scatterplots of the 57th, 72nd, and 91st
repeated experiments for the BP method. d-f. Scatterplots of the 96th, 58th, and 8th repeated experiments for the BPEL method.
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Fig. 9. Bathymetric maps of the three worst results for the back propagation (BP) and BP neural network and ensemble learning
(BPEL) methods in the Pingtan coastal zone. a-c. Bathymetric maps of the 41st, 39th, and 45th repeated experiments for the BP
method. d-f. Bathymetric maps of the 43rd, 74th, and 59th repeated experiments for the BPEL method.

RMSE is gradual. The number of training samples for the BPEL
method can refer to the experience of the BP method because of
their similar RMSE nodes from the decrease to stability (Fig. 11).
In this experiment, it was found that K=200 was sufficient to
achieve a high level of bathymetric accuracy. Hence, 200 training
samples can be used as a reference value in other experiments. K
can also be increased to ensure accuracy at the low and stable
RMSEs region, based on the availability of sample data.

4.3 Recommendations for the number of base learners for the

BPEL method

Compared with the BP method, the number of base learners,
L, is a unique new parameter for the BPEL method. In this sec-
tion, we discuss and provide recommendations for the selection
of base learners, L.

In Fig. 12, it is shown that the RMSE and error bars are large
when L=1 and L=2, and the RMSE and error bars are small when
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Fig. 10. Scatterplots (estimated depth versus measured depth) of the three worst results for the back propagation (BP) and BP neural
network and ensemble learning (BPEL) methods in the Pingtan coastal zone. a-c. Scatterplots of the 41st, 39th, and 45th repeated
experiments for the BP method. d-f. Scatterplots of the 43rd, 74th, and 59th repeated experiments for the BPEL method.

Table 1. Comparison of inversion accuracies (RMSEs) of the three worst results of the back propagation (BP) and BP neural network

and ensemble learning (BPEL) methods

Water BP BPEL
Study area depth/m It Second worst result Third worst result Worst result Second worst result Third worst result
P Worst resu
Anda Reef 0-5 180 1.87 2.17 2.32 1.59 1.58 1.66
5-10 386 2.99 1.96 1.33 0.92 0.93 0.88
10-15 324 1.39 1.56 1.65 0.85 0.95 0.89
15-20 125 5.41 3.56 3.76 1.35 1.20 1.31
Overall 1025 2.91 222 2.13 1.15 1.14 1.14
Northeastern -5 150 5.07 2.73 10.09 0.84 0.77 0.85
Jiuzhang Atoll 5 5 145 5.84 7.88 2.05 1.73 1.51 1.62
10-15 73 7.54 7.79 4.02 3.26 2.98 3.42
15-20 285 3.14 3.08 4.38 2.96 2.52 3.03
20-25 187 2.98 2.67 4.4 2.27 2.04 2.62
25-30 181 8.01 7.32 3.49 3.28 3.91 2.48
Overall 1021 5.39 5.35 5.33 2.55 2.53 2.53
Pingtan 0-1 104 0.47 0.56 0.26 0.25 0.23 0.21
coastal zone 1-2 135 1.44 0.47 0.29 0.20 0.22 0.15
2-3 181 0.92 0.82 0.27 0.26 0.21 0.24
3-4 256 0.37 0.69 0.39 0.27 0.31 0.35
4-5 209 1.27 0.83 1.13 0.41 0.41 0.36
Overall 885 0.96 0.81 0.76 0.31 0.31 0.30

Note: N represents the number of test samples.

L=3. This can be explained as follows. When L=1, the RMSE and
error bars of the BP method were displayed as a contrast. Be-
cause of the problem of the BP method easily falling into the loc-
al minimum, the RMSE and error bars are large. When L=2, the
ensemble strategy based on the minimum outlying degree is inef-
fective because the inversion results from two base learners have

the same outlying degree. The noise cannot be identified by the
outlying degree; hence, the RMSE and error bars of the BPEL
method are also large. When L= 3, the outlying degree of inver-
sion from the base learners is different, and the ensemble strategy
based on the minimum outlying degree can achieve superior
noise removal performance. Therefore, L=3 is necessary for the
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Fig. 12. Effects of the number of base learners on the accuracy of BP neural network and ensemble learning (BPEL) methods. RMSE
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BPEL method.

5 Conclusions

This paper proposes a BPEL method that showed outstand-
ing properties in bathymetric inversion in the Anda Reef, north-
eastern Jiuzhang Atoll, and Pingtan coastal zone. The following
conclusions can be drawn from the experimental results.

(1) The new BPEL method can solve the poor robustness
problem of the BP method, and obtain higher accuracy. Com-
pared with the BP method, the RMSE and ARE of the BPEL meth-
od can reduce by 1.76 m and 16% in the Anda Reef experiment,
reduce by 2.84 m and 46% in the northeastern Jiuzhang Atoll ex-
periment, and reduce by 0.65 m and 26% in the Pingtan coastal
zone experiment at most.

(2) The new ensemble strategy based on the minimum outly-
ing degree can remove noise and retain optimum results, which
ensures the high robustness and accuracy of the BPEL method.

(3) The optimal number of training samples (K) and number
of base learners (L) are relatively stable and easily evaluated,
which ensures high-quality bathymetric inversion. Furthermore,
K=200 and the time-series length of L=3 should be used as refer-
ence values in future BPEL experiments.

The proposed BPEL method has substantial potential in ap-
plications because it is relevant to all fields that use the BP meth-
od. Therefore, we will conduct application and extension re-
search in the future.
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Fig. Al. Bathymetric maps of the best results for the back propagation (BP) and BP neural network and ensemble learning (BPEL)
methods in the Anda Reef (a), northeastern Jiuzhang Atoll (b), and Pingtan coastal zone (c).
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