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Abstract

Marine life is very sensitive to changes in pH. Even slight changes can cause ecosystems to collapse. Therefore,
understanding the future pH of seawater is of great significance for the protection of the marine environment. At
present, the monitoring method of seawater pH has been matured. However, how to accurately predict future
changes has been lacking effective solutions. Based on this, the model of bidirectional gated recurrent neural
network with multi-headed self-attention based on improved complete ensemble empirical mode decomposition
with adaptive noise combined with phase space reconstruction (ICPBGA) is proposed to achieve seawater pH
prediction. To verify the validity of this model, pH data of two monitoring sites in the coastal sea area of Beihai,
China are selected to verify the effect. At the same time, the ICPBGA model is compared with other excellent
models for predicting chaotic time series, and root mean square error (RMSE), mean absolute error (MAE), mean
absolute percentage error (MAPE), and coefficient of determination (R?) are used as performance evaluation
indicators. The R? of the ICPBGA model at Sites 1 and 2 are above 0.9, and the prediction errors are also the
smallest. The results show that the ICPBGA model has a wide range of applicability and the most satisfactory
prediction effect. The prediction method in this paper can be further expanded and used to predict other marine
environmental indicators.
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1 Introduction

In recent years, as carbon emissions increase, especially the
burning of fossil fuels, more and more CO, is absorbed by the
oceans. While ocean uptake of CO, can reduce the extent of glob-
al warming, it also directly contributes to ocean acidification
(Zhao et al., 2020). Seawater pH closely links ocean climate,
redox, and biological activity (Halevy and Bachan, 2017). Even
slight changes in seawater pH can be lethal for some species.
Therefore, the accurate measurement and prediction of seawater
pH are research hotspots. To accurately grasp the changes in sea-
water pH, people establish marine monitoring stations in some
sea areas, and relatively mature seawater pH measurement
methods are used to achieve dynamic monitoring (Tilbrook et al.,
2019). However, how to use the existing data to accurately pre-
dict future changes in seawater pH lacks effective solutions.

The pH data measured by the marine monitoring station are a
time series sampled at equal time intervals. Time series predic-
tion is a research method that assumes that future values are dir-
ectly related to past measurements (Singla et al., 2022b).

However, unlike ordinary time series predicting methods, the
measured pH data are complex due to the complex and change-
able marine environment. Currently, the prediction methods for
hydrological data are mainly divided into two categories (Wang
et al., 2017). One is the numerical prediction method, and the
other is the data-driven prediction method. Numerical methods
require more specialized knowledge of the hydrology and envir-
onment, so it is more complicated. However, the data-driven
method is less difficult to predict and can obtain higher resolu-
tion prediction results, so it is widely studied (Jiang et al., 2021).
Data-driven predicting approach mainly includes statistical prin-
ciples and machine learning. Hydrological prediction models
based on statistical principles have been around for a long time.
Krzysztofowicz summarized the use of statistical principles and
probabilistic processes to solve forecasting problems in hydro-
logy (Krzysztofowicz, 2001). Yang et al. (2007) established a hy-
drological model based on statistical principles and Bayesian
reasoning for the Chaohe Basin in China. This method over-
comes the seasonal factors of hydrological prediction and im-
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proves the analysis effect of the model. Malik et al. (2019) suc-
cessfully predicted drought events in Uttarakhand State, India,
using a multi-scalar streamflow drought index combined with a
multiple linear regression model.

With the development of the artificial neural network (ANN)
method, it receives extensive attention due to its strong general-
ization ability and high computational efficiency (Gao et al.,
2021). Because hydrological data, especially marine data, are
complex and have apparent nonlinearity, it is very suitable to use
ANN for research. Lee (2004) used the back-propagation neural
network (BP) to achieve long-term prediction of ocean tide data
and used data from Taichung Port in Taiwan Province to verify
the validity of the model. Kajiyama et al. (2011) used multi-layer
perceptron (MLP) to predict the execution time of a parallel
Monte Carlo radiative transfer simulation code for marine color
applications, exploiting the performance benefits of MLP to sub-
stantially reduce the overall execution time of the simulation job.
Patil and Deo (2017) used a wavelet neural network (WNN) to
predict daily sea surface temperature and compared traditional
neural networks with WNN. It is found that WNN has satisfactory
results for the prediction of sea surface temperature. The gated
recurrent neural network (GRU), as a variant of Long-Short Term
Memory (LSTM), is widely used in the prediction of marine data
due to its high computational efficiency and strong temporal de-
pendence on captured data. Xie et al. (2022) proposed a convolu-
tional GRU neural network with MLP to predict the temperature
of the sea surface, enabling it to capture both the temporal and
spatial effects of the sea area. The model is verified with the sea
surface temperature data of the Bohai Sea and the South China
Sea, which proves the validity of the model. Singla et al. (2022a)
proposed an integrated model utilizing the extended range of
wavelet transform and bidirectional LSTM (Bi-LSTM) deep learn-
ing network to predict the first 24 h of global horizontal solar irra-
diance compared to the direct use of the reference model, inde-
pendent LSTM, and Bi-LSTM. The prediction effect has been sig-
nificantly improved. Li et al. (2022) achieved wave height predic-
tion for multivariate time series by using GRU combined with
feature selection, which is more robust than LSTM.

Due to the complexity of marine data and the inclusion of
noise, some signal decomposition methods to extract the main
features of the signal are widely used to process marine data. Al-
izadeh and Kavianpour (2015) combined wavelet decomposition
and ANN to develop a wavelet-ANN model to predict the water
quality parameters of seawater and obtained better prediction
results and lower prediction costs. Duan et al. (2016) applied em-
pirical mode decomposition (EMD) to ocean wave data pro-
cessing and combined it with support vector regression to suc-
cessfully predict significant wave heights. Compared with the
model without EMD, it proves that EMD can effectively extract
nonlinearity and non-stationarity in data. Wu et al. (2019) com-
bined Complementary Ensemble Empirical Mode Decomposi-
tion (CEEMD), an improved method based on Ensemble Empir-
ical Mode Decomposition (EEMD), and BP to predict the sea sur-
face temperature. The effect is better than the combination of
EEMD and BP.

The pH data of seawater has typical nonlinear and obvious
chaotic characteristics. Traditional time domain analysis is diffi-
cult to obtain complete information on seawater pH data. There-
fore, this paper uses chaos theory to predict the data in phase
space. Prediction methods based on chaotic time series are
widely used in many fields. Niu et al. (2017) applied phase space
reconstruction (PSR) to the prediction problem of PM2.5 and
combined it with the least squares support vector machine,

which obtained a better prediction effect than the baseline mod-
el. Peng and Xiang (2020) combined PSR with BP optimized by
the genetic algorithm to predict traffic flow, which captured the
complex characteristics of traffic flow, and obtained a satisfact-
ory prediction effect.

Based on the above analysis, and considering the nonlinear,
non-stationary, and chaotic characteristics of seawater pH data,
this paper proposes the model of bidirectional gated recurrent
neural network with multi-headed self-attention based on im-
proved complete ensemble empirical mode decomposition with
adaptive noise combined with PSR (ICEEMDAN-PSR-Bi-GRU
with multi-headed self-attention). After this, it is referred to as
the improved complete ensemble empirical mode decomposi-
tion with adaptive noise combined with phase space reconstruc-
tion (ICPBGA) model. This paper is organized as follows: Section
2 introduces the materials and basic methods used in this paper.
Section 3 presents the complete model framework. Section 4 in-
troduces preprocesses the seawater pH data. Data prediction and
model comparison is carried out in Section 5. Conclusions based
on the experiments are shown in Section 6.

2 Materials and methods

2.1 Acquisition of seawater pH data

This paper takes the actual seawater pH value measured by
the marine monitoring station as the research object. The data
comes from monitoring sites in the coastal waters of Beihai,
China. In this article, two buoys with a distance of 50 m between
Monitoring Sites 1 and 2 were used, both within a range of 2 km
from the coast. The original data used in this paper is the whole
year of 2019, and the sampling time is 30 min. However, due to
some outliers in the data and considering that the change of the
data in a short period in the virtual environment are not obvious,
this paper averages the data every 4 h. The total amount of data
obtained from a single monitoring point is 1 460.

The main equipment used in the process of data acquisition
in this study is shown in Fig. 1. Figure 1a shows the EMM700
buoy produced by YSI (USA). Figure 1b shows the multi-para-
meter water quality analyzer mounted on the buoy, Model
6600V2 manufactured by YSI. The pH sensor is provided by the
multi-parameter water quality analyzer with a glass electrode.
The electrode calibration method is the two-point method, and
the calibration period is three months. The data acquisition pro-
cess is to place the calibrated buoy equipped with the pH sensor

Fig. 1. Data acquisition equipment.
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in a fixed sea area to monitor pH changes and then use the GPRS
wireless transmission mode installed on the buoy for data trans-
mission. The data acquisition software is EcoWatch. The data ac-
quisition standards are adopted in Technical Specification for
Environmental Monitoring of Coastal Waters (HJ442-2020) and
Technical Specification for Automatic Monitoring of Water Qual-
ity of Coastal Waters (HJ731-2014) issued by the Ministry of En-
vironmental Protection of China.

2.2 Improved complete ensemble empirical mode decomposition

with adaptive noise

The CEEMDAN is an adaptive decomposition method that re-
moves modal effects by adding adaptive noise. It has significant
advantages over some common modal decomposition al-
gorithms, such as EMD, EEMD, and CEEMD (Zhang et al., 2020).
At the same time, it can decompose the sequence according to
the time scale of the data and does not need to set any basis func-
tion. Therefore, it is suitable for the feature analysis of nonlinear
and non-stationary time series. When the one-dimensional time
series is decomposed by CEEMDAN, let the original time series
be x(t), and the decomposition result is shown in Eq. (1), where
IMF, is K intrinsic mode function (IMF), and Res(¢) is one resid-
ual (Res).

K
x(f) =) IMFx + Res(1). M

i=1

The sequence is composed of multiple IMFs and one residual
after CEEMDAN.

Although the CEEMDAN effectively reduces the mode ali-
asing, it still cannot eliminate the influence of redundant and
spurious components. This interferes with principal component
screening. Therefore, to effectively select the principal compon-
ent, the ICEEMDAN is proposed. When improving CEEMDAN,
most scholars adopted the Pearson correlation coefficient to
screen the optimal IMF (Cerrada et al., 2018). However, this
method ignores the features existing in IMF, which makes it diffi-
cult to extract effective information completely. Therefore, this
paper proposes to use permutation entropy (PE) to select the op-
timal IMF to improve CEEMDAN. PE can represent the complex-
ity of the time series. The PE is a measurement method based on
information theory, which estimates the complexity of the time
series by calculating the arrangement information of adjacent
values (Bandt and Pompe, 2002). Generally speaking, the larger
PE is, the more noise it contains. However, if the noise term is re-
moved directly, the feature will be lost. Therefore, we conducted
a secondary reconstruction of the IMF component according to
the size of PE and obtained three groups of new components.

The PE normalization formula is shown in Eq. (2). The nor-
malized PE value is between 0 and 1. When the value of PE is
closer to 1, it indicates that the complexity of the series is higher.
When the value of PE is more relative to 0, it suggests that the
complexity of the series is lower.

m!
= PInp,
i=1

In(m!) ~’

B PE(m) B

PE= i) =

@

where m is the embedded dimension, and P, is the probability of
the reconstructed component appearing in a specific column
after the matrix is reconstructed. Its value is related to the choice

of the embedded dimension m and time delay, where m=3, 4, ---, 7,
and the time delay is generally greater than or equal to 1 (Mo-
scoso-Lopez et al., 2019). Therefore, when calculating the PE, m
and time delay are set to 3 and 1, respectively.

2.3 Phase space reconstruction

Chaos is a common phenomenon in production and life and
has a certain system of irregularity and randomness (Sun and
Wang, 2018). Chaotic time series is a typical representative of
chaotic phenomena (Packard et al., 1980). Studying chaotic time
series directly in the time domain is often easy to cause the loss of
features, and it is difficult to obtain better research results. The
embedding theorem proposed by Takens points out that it is pos-
sible to reconstruct a phase space from the one-dimensional
chaotic time series that is the same as the motive power system in
the topological sense. And the research on chaotic time series is
carried out in the phase space (Takens, 1981). Therefore, the PSR
is the key to studying the chaotic time series problem. There are
two critical parameters in PSR, time delay r and embedding di-
mension m. For the time series {x;} = {x, x,, ..., X}, the recon-
structed X and the output Yin the phase space can be expressed as

X1 X1tz X14(m—1)z
X2 X247 Xot(m—1)t
X= . 3)
XN—m+1  XN—m+1+c XN—m+14(m—1)z
X2+ (m—1)
X3+ (m—1) @
AN+1

Analyzing the characteristics of time series, this paper em-
ploys the mutual information method to determine the time
delay 7 and Cao to determine the embedding dimension m. The
mutual information method employs the mutual information
function to express the dependency between the front and rear
points in the time series and selects the time value correspond-
ing to the first minimum value of the function as the 7 (Fraser and
Swinney, 1986). This method is adopted to determine the z due to
its simple calculation and is suitable for nonlinear and high-di-
mensional data.

The Cao overcomes the problem of sensitivity to data noise of
the False Nearest Neighbors (Cao, 1997). When using the Cao,
only the 7 needs to be known. And the m can be calculated with a
small amount of data. Therefore, this method is adopted.

2.4 Bidirectional gated recurrent neural network with multi-
headed self-attention

2.4.1 Bidirectional gated recurrent neural network

In practical applications, time series usually show non-sta-
tionarity and nonlinearity, but traditional time series prediction
methods are difficult to effectively capture its characteristics and
achieve accurate prediction (Chen et al., 2023). The proposal of
ANN provides a more effective strategy for solving time series
predicting problems (Xu et al., 2021). As a method that can cap-
ture time dependence, the GRU neural network has the charac-
teristics of high computational efficiency and accurate grasp of
time characteristics, so it is suitable to solve the prediction prob-
lem of complex time series such as seawater pH value. The GRU
neural network can only predict the output of the next moment
based on the information of the previous moment (Cho et al.,
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2014). However, in practice, the output of the current moment is
not only affected by the previous moment but also may be re-
lated to the state of the future moment (Liu et al., 2020). There-
fore, this paper proposes to employ the bidirectional GRU (Bi-
GRU) neural network to predict time series. Bi-GRU neural net-
work can divide neurons into forward layer direction and back-
ward layer direction. The forward layer fetches the past informa-
tion while backward layer fetches the future information of the
input sequential data. Therefore, Bi-GRU makes predictions from
the whole time series. The structure diagram of the Bi-GRU neur-
al network is shown in Fig. 2, and the structure of the GRU is
drawn in the figure. The state of hidden layers of Bi-GRU at
present time ¢ can be expressed as:

Forward layer : hy = GRU¢(X;, H;_1), 5)
Backward layer : hy,, = GRUy (X, H;—1), (6)
Output layer : h; = hg + hy, @)

where H represents two candidate hidden states in Bi-GRU with
opposite directions: candidate hidden state is an updated hid-
den state of a candidate. It is calculated based on the current in-
put and the output of the reset gate. The candidate hidden state
captures the correlation between the current input and past hid-
den states, and to some extent updates the hidden state.

2.4.2 Multi-head self-attention

For the prediction of seawater pH value, the value closer to
the prediction time point has a more significant greater impact
on the prediction result and should be given a higher weight.
Therefore, this paper proposes to employ multi-head self-atten-
tion as a layer of the Bi-GRU neural network for prediction, to im-
prove the prediction effect and enhance the rationality and inter-
pretability of the model. The structure diagram of multi-head
self-attention is shown in Fig. 3.

The multi-head self-attention is composed of self-attention,
and the part within the dotted line in Fig. 3 is composed of self-
attention modules with different weights (Vaswani et al., 2017),
when Q is the query matrix, Kis the key matrix, and Vs the value
matrix. For an input sequence of length N and dimension Dy, the
formula for multi-head self-attention is

Xu Chongxuan et al. Acta Oceanol. Sin., 2023, Vol. 42, No. 10, P. 97-107

V=Xxw, (10)
self-attention(Q, K, V) = softmax ( QKT) vV, (11)
5 Ny /DK ’
head; = self-attention(QW<,, KW, VIW";), (12)
multi-headed self-attention(Q, K, V) =
Concat(head, - - - ,head;,)W’, (13)

where X is the input matrix. WQ, WK, and WV are the weight
matrices of Q, K, and V, respectively. Softmax represents the nor-
malization function to improve learning efficiency. WQ, WX, and
WV, are the weight matrices of i transformations. WP is the weight
matrix after multi-head self-attention matrix splicing.

3 The framework of the model

The framework of the ICPBGA model is shown in Fig. 4. This
gives new weights. Figure 4b is PSR. The new component decom-
posed by ICEEMDAN performs PSR, extracts the chaotic charac-
teristics in the data, and constructs the input of the neural net-
work. Figure 4c is Bi-GRU with multi-headed self-attention. This
part predicts the new components after PSR. Using global predic-
tion and the efficient ability of Bi-GRU to capture time dependen-
cies to obtain prediction results of new components and add
multi-headed self-attention to the network makes the model
more reasonable in interpretability and prediction ability. The fi-
nal prediction result of the ICPBGA model for seawater pH can
be obtained by fusing the predictions of each component.

4 Data preprocessing

4.1 Decomposition of seawater pH data

Affected by the actual monitoring environment, the pH value
data of seawater often have obvious nonlinearity and noise.
Therefore, this paper proposes the ICEEMDAN to reduce the
nonlinearity in the data and improve the signal-to-noise ratio.
First, use CEEMDAN to decompose the original pH data of mon-
itoring Site 1. When CEEMDAN is used, the PyEMD decomposi-
tion module (the function library called when using modal de-
composition in Python programs) is used. The test times of
adding noise are 20, the power threshold is 0.05, the amplitude
threshold is 0.01, the white noise amplitude is 1, and other para-
meters are the initial parameters of the module. The decomposi-

Q= xw?, ® . e o ; :
tion result is shown in Fig. 5. The original data is decomposed in-
to 7 IMFs, denoted as IMFy, K=1, 2, -+, 7, and one residual. Then,

K= XWX, (9)  the PE of each IMFs is calculated, and the calculation results are

h, h h
output layer Q Q @ hidden
— — — state: H,_,
backward H,
Jayer GRU ]:\——[ GRU f[«— - - <-[ GRU ]:\—
candidate
_ hidden
forward GRU ]—:-[ GRU ]—» - -3 GruU ]——» state: /1,
layer
— J — . e
input: X,
input layer @ @ @

Fig. 2. The structure diagram of the bidirectional GRU neural network. o represents the sigmoid function, which can convert data into

values in the range of 0-1.
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Fig. 3. The structure diagram of multi-head self-attention. o rep-
resents the degree of correlation between K and Q.

shown in Table 1.

By calculating the average value of the original components
of PE, the original components can be recombined into new
components (n-coms) according to the complexity of the se-
quence, and the recombination results of the new components
are shown in Table 2. Visualize the new components and obtain
the decomposed components of ICEEMDAN, as shown in Fig. 6.
According to the information in Fig. 5, the n-com3 already con-
tains most of the features of the time series and less noise. The
tendency of the actual with time is the same. Although n-com1
and n-com2 contain more noise, they contain high-frequency
components and have less impact on the prediction result. After
that, ICEEMDAN's results and CEEMDAN'’s Res are correlated

decomposition result
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with the original data. The contribution to the original data is cal-
culated respectively. Contribution represents the amount of in-
formation that the decomposed data are contained in the origin-
al data. The greater the contribution, the greater the amount of
information contained in the original data, and the more import-
ant the data is to the original data. Contribution is calculated as
follows:

C .
C = OrT;

=——
g Corr;
i=1

(14)

where C; is the contribution of the ith component. Corr; is the
correlation coefficient with raw data of the ith component.

The calculation results are shown in Table 3. According to the
results, it can be found that the sum of contribution of the n-coms
exceeds 99% and contains almost all the information. The contri-
bution of Res is less than 1%, which can be regarded as noise
mixed with the original data. So Res can be ignored when mak-
ing predictions.

4.2 Phase space reconstruction

When reconstructing the phase space of the new component,
the mutual information method is used to determine the 7 first.
The changing trend of the delay mutual information of the new

00 -0

(reomt) (reom)  (rroom)

Bi-GRUO C . O

| /Fi—)ﬁ
C C C | b PSR |
Bi-GRU °* | X Xite Xitm-1)c Xoi(m-1yc ‘
O,_O,_, .o O | [ apply EMD to solve
¢ ‘X= X Kt Xoionne | y=| F3ron-1ye } for av]erage:
N
\ IMF, = —X IMF,,
| Knemtt Xn-mtte o Xnemt 1+ R )‘ ! N !
B cco—HH —_—
. o \* Pt I calculate the first
atientlon \@ JEpS AU order component Res
e e N D) = 1 ()~ IMFy
cen / AN
/" Bi-GRU with multi-head \ 4 ,
l\ self-attention | ‘gdd adaptive noise
? \ L/ N Z E(r(t) + exE(n(1)))
~
dense 1 soo U\\\‘ "
solve for ayerage
\ IMF,,= — % IMF,, /
AN - N i=1 _
output 1 ’ output 2 ’ output 3 ’
dense 2 coe \} k J calculate PE of IMF,
| A 4
Y prediction % (output N) get new reconstructed
output result components

Fig. 4. The framework of the ICPBGA model.
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Fig. 5. The decomposition result of CEEMDAN.

Table 1. The PE value of CEEMDAN components

Table 2. The new components result of ICEEMDAN

Component IMF, IMF, IMF; IMF, IMF; IMF; IMF, Index n-coml n-com2 n-com3
Value 0.9801 0.808 4 0.610 3 0.496 3 0.4379 0.411 4 0.380 7 Result IMF,, IMF, IMF, IMF,, IMF;, IMF; and IMF,
04 F
02 825
- . - (3]
g = L
g ool g 8.00
S o2l =775 F
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0.1 F
%] 8.0
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Fig. 6. The decomposition result of ICEEMDAN.

Table 3. The new components result of ICEEMDAN

ICEEMDAN component Corr; C;
n-coml 0.153 10.8%
n-com2 0.298 21.0%
n-com3 0.955 67.4%

Res 0.011 0.8%

components with the 7 is shown in Fig. 7. The 7 corresponding to
the first minimum value of delay mutual information is the time
delay of new components. After that, employ the Cao to determ-
ine the m. Substitute the 7 calculated by the mutual information
method into the Cao, and obtain the variation trend of E(d) with
the d as shown in Fig. 8. When E,(d) is not constant at 1. E,(d) in-
creases with d, and when d rises to a certain value, E,(d) does not
change, d+1 is the m currently. The time delay 7 and the embed-
ding dimension m of the new component are shown in Table 4.

5 Predict results and discussion

5.1 Model performance evaluation

To evaluate the performance of the prediction model and se-
lect a better model, this paper adopts root mean square error
(RMSE), mean absolute error (MAE), mean absolute percentage
error (MAPE), and coefficient of determination (R?) as the model
performance metric. RMSE can reflect the precision of the pre-
diction model. MAE can avoid the error canceling each other, to
accurately reflect the size of the actual prediction error. MAPE
can reduce the impact of the absolute error caused by a separate
outlier. R? reflects the proportion of the total variation of the de-
pendent variable that can be explained by the independent vari-
able through the regression relationship (Yaseen, 2021). It can be
known that the smaller the RMSE, MAE, and MAPE, the better
the prediction effect is. The closer the R? is to 1, the higher the
prediction accuracy is. The four metrics are defined by
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Table 4. The parameters for new components (n-coms)

Index n-coml n-com2 n-com3
T 1 5 14
m 8 9 6
RMSE = (15)
l n
MAB = 2D 13—l (16)
p
1< s — v
MAPE = — S 1P 100%, 17)
ni= i
n
> - )
R=1-"] : (18)

n

Z -y

i=1

where y, is the predicted value, ¥ is the average of the actual val-
ues, y;is the actual value, and 7 is the number of samples.

5.2 Hyperparameter settings

In this paper, Bi-GRU with multi-head self-attention is estab-
lished for the components of PSR, and the hyperparameters of
the prediction model of all components are shared. When divid-
ing the training set and the test set, this paper selects 75% of the
data as the training set and 25% as the test set. This partitioning
choice combines data volume and conventional partitioning
methods (Keshan et al., 2015). This paper employs multi-head

self-attention as a layer of the neural network after the Bi-GRU
layer. In this paper, a neural network with four hidden layers is
built. The first two layers are Bi-GRU layers, and the number of
neurons is 100. The third layer is the attention layer. The last lay-
er is the dense layer, and the number of neurons is 50. The ad-
vantage of four hidden layers is that any smooth map with any
precision can be fitted. The activation function of each layer ad-
opts relu. At the same time, to prevent the model from overfitting,
a dropout layer is added between the layers of the network, and
the inactivation rate of the dropout layer is set to 0.2 (Chen et al.,
2019). The input dimension of the neural network is the embed-
ding dimension m of phase space reconstruction, and the num-
ber of output variables is 1. The optimizer selects the Adam, ad-
opts the initial learning rate, and uses the average of the sum of
squared errors (MSE) as the loss function. MSE is a common loss
function. Moreover, as the error decreases, so does the gradient,
which is good for convergence. The number of the epoch is 100.

5.3 Model comparison study

5.3.1 Ablation study

An ablation study has important implications for proving
causality in complex models (Chaudhuri et al., 2021). The ab-
lated variants of the ICPBGA model are GRU, Bi-GRU with atten-
tion, and CEEMDAN-Bi-GRU-attention (CBGA). The ablated
variants are in phase space. The results of the ablation studies are
shown in Fig. 9a, while the relationship of the actual, ablated
variants and the ICPBGA model are plotted in Fig. 9b. From Fig.
9a, it can be found that compared with the ablated variants, the
prediction effect of the ICPBGA model has an advantage, and the
prediction effect of reducing any part can decrease. At the same
time, compared with the prediction model without ICEEMDAN,
the prediction model can effectively extract the main features of
the seawater pH data and reduce the cumulative error during
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Fig. 9. Ablation study results. a is the prediction result graph of each model; b is the relationship between the actual value and the
predicted value. CPGA: CEEMDAN-PSR-GRU with multi-headed self-attention.

prediction. From Fig. 9b, it can be found that the scatter distribu-
tion of the ICPBGA model is closer to the straight line, which also
proves the advantages of the prediction model.

To quantitatively evaluate the effect of the prediction model,
the performance evaluation metrics of the above models are cal-
culated in this paper, as shown in Table 5. It can be seen from the
calculation results that the RMSE, MAE, and MAPE of the ICP-
BGA model are smaller than other ablated variants, and R? is the
closest to 1. Therefore, the model can effectively extract the
chaotic characteristics of the pH data of seawater and achieve ac-
curate prediction.

As avisual evaluation method of model effect that can com-
prehensively respond, the Taylor diagram is suitable for model
evaluation in the field of hydrology (Sadeghifar et al., 2022).

Table 5. The performance evaluation metrics of models

Performance evaluation metric

Model
RMSE MAE MAPE/10-3 R?
PSR-GRU 0.063 0.037 6.077 0.848
PSR-Bi-GRU-attention 0.055 0.093 5.501 0.898
CPGA 0.027 0.017 2.568 0.975
ICPBGA 0.021 0.013 2.001 0.985

Note: CPGA: CEEMDAN-PSR-GRU with multi-headed self-atten-
tion.

PSR-GRU
» PSR-Bi-GRU-attention
» CPGA
0
S A = ICPBGA
G, Actual

Standard deviation

Standard deviation

Fig. 10. Taylor diagram of the ablation experiment. CPGA:
CEEMDAN-PSR-GRU with multi-headed self-attention; RMSD:
root mean square difference.

Therefore, this paper draws the Taylor diagram of the ablation
experiment, as shown in Fig. 10. It can be seen from Fig. 9 that
the ICPBGA model has the highest prediction accuracy, and the
prediction effect is better than other ablated variants.

5.3.2 Comparison of predicting the effect of monitoring sites

By fusing the prediction results reconstructed in the phase
space of different components, the prediction results of the pH
data of the seawater at Monitoring Site 1 can be obtained. To il-
lustrate the predictive advantage of the combined model in this
paper, the ICPBGA model is compared with other excellent mod-
els in handling chaotic time series. The comparison models in
this paper are PSR and back propagation neural network (PSR-
BP) (Peng et al., 2020), PSR and LSTM neural network (PSR-
LSTM, Hu et al., 2022), PSR and temporal convolutional neural
network (PSR-TCN, Dai et al., 2021), and PSR and GRU neural
network (PSR-GRU, Du et al., 2021). The comparison results of
each model are shown in Fig. 11. Through the analysis of the pre-
diction results in Fig. 11a, the following conclusions are drawn.
Compared with other models, the combined prediction model
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Fig. 11. Comparison of prediction results of various models.
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proposed is more suitable for predicting the actual pH data of
seawater and has a better prediction effect. Among them, the
prediction effect of PSR-TCN is the worst, probably because TCN
cannot effectively capture the data in phase space. The structure
of BP is simple and cannot adapt to complex data in phase space,
so it is difficult to obtain better prediction results. The prediction
effect of LSTM and GRU is similar, but the structure of GRU is
simpler, so the prediction efficiency can be better.

At the same time, to verify the applicability of the model, the
seawater pH data of Monitoring Site 2 are introduced. The data
preprocessing method for Monitoring Site 2 is the same as that
for Monitoring Site 1. Therefore, it is not described here. The
comparison diagram of the final prediction results is shown in

Table 6. The performance evaluation metrics of models

Performance evaluation metric

Model
RMSE MAE MAPE/10-3 R?
Monitoring Site1 ~ PSR-BP 0.070 0.047 6.918 0.816
PSR-LSTM  0.063 0.044 6.301 0.881
PSR-TCN 0.117 0.075 11.278 0.465
PSR-GRU 0.063 0.037 6.078 0.848
ICPBGA 0.021 0.013 2.001 0.985
Monitoring Site 2 PSR-BP 0.024 0.015 2.257 0.871
PSR-LSTM  0.023 0.014 2.197 0.880
PSR-TCN 0.025 0.015 2.358 0.865
PSR-GRU 0.023 0.014 2.272 0.875
ICPBGA 0.019 0.010 1.176 0.921
- PSR-BP a
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Fig. 11b. The results in the figure further illustrate that the ICP-
BGA model has a good prediction effect and wide applicability.

To quantitatively evaluate the effect of the prediction model,
the performance evaluation metrics of the above models are cal-
culated, and the calculation results of Monitoring Sites 1 and 2
are shown in Table 6. It should be noted that the result of MAPE
calculated in this paper is not a percentage but 1 x 10-3. From the
data in the table, the RMSE, MAE, and MAPE of the ICPBGA
model at Monitoring Site 1 are 0.021, 0.013, and 0.002, respect-
ively, and the RMSE, MAE, and MAPE at Monitoring Site 2 are
0.019, 0.010, and 0.001, respectively. Therefore, the model has the
best prediction effect. At the same time, the R? at Monitoring Site 1
is 0.985, and the R? at Monitoring Site 2 is 0.921, both of which are
the closest to 1. This indicates that the model has the best predic-
tion accuracy. Compared with the worst performing PSR-TCN
model, the prediction effect of the ICPBGA model at Monitoring
Site 1 is improved by more than 5 times, and the prediction effect
at Monitoring Site 2 is improved by more than 1 time. To better
show how close the predicted value is to the actual value, the re-
lationship between them is drawn in Fig. 12. The real value in the
figure is a straight line with a slope of 1 passing through the ori-
gin. The more concentrated the distribution of the predicted
value is on the straight line, the better the prediction effect, so the
ICPBGA model has the best effect.

At the same time, this paper draws the prediction error violin
plot of Monitoring Sites 1 and 2 to realize the visualization of the
prediction error. The violin plot, as a combination of the box plot
and kernel density plot, can effectively describe the distribution
of data (Shan et al., 2022). The violin plots of different models are
shown in Fig. 13. The results in Fig. 13 show that the ICPBGA
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Fig. 12. The relationship between the actual value and the predicted value. a. The result of Monitoring Site 1; b. the result of

Monitoring Site 2.
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model has the most minor error dispersion at both Monitoring
Sites 1 and 2, as well as the lowest upper edge and the smallest
quartile.

6 Conclusions

Accurate prediction of seawater pH is essential to prevent
seawater acidification and protect the marine environment and
marine life. An innovative mixed prediction model of seawater
pH data is proposed in this paper. The model consists of ICEEM-
DAN, PSR, and the Bi-GRU neural network with multi-headed
self-attention. Due to the influence of the actual measurement
environment, the pH data of seawater are nonlinear, chaotic, and
mixed with noise. Therefore, this paper uses the ICEEMDAN to
process the original data, extract the main features of the original
signal, and reduce the cumulative error and noise interference
generated during prediction, first. Then, PSR is used to more ef-
fectively analyze the chaotic properties. Finally, the data recon-
structed in the phase space is substituted into the Bi-GRU neural
network with multi-headed self-attention for prediction to ob-
tain the prediction result. To verify the applicability and effective-
ness of the model, the seawater pH data of two monitoring sites
are substituted into the model of this paper and compared with
other excellent models in chaotic time series predicting. The val-
idation results show that the model has satisfactory prediction
accuracy. At the same time, the result of ablation studies shows
that the prediction model of this paper is better than any of its ab-
lated variants.

Although the prediction model proposed in this paper has
achieved good results, it still has some limitations. First of all, the
data used in this study is small. Although ICEEMDAN is used to
reduce the interference of noise to the prediction effect, the pre-
diction effect in the event of major pollution still lacks verifica-
tion. Longer historical data can be used for verification in future
studies. Secondly, this study mainly draws on some references
and determines these hyperparameters by manual methods
based on experience. In the follow-up research, some intelligent
optimization algorithms can be considered to automatically
search the optimal hyperparameters. The research object of this
paper can not only the pH data of seawater, but also the model
can be further extended to predict other marine environmental
indicators, such as seawater temperature, salinity, etc., to under-
stand the trend of ocean changes from a more comprehensive
perspective.
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