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Abstract

The complexity of river-tide interaction poses a significant challenge in predicting discharge in tidal rivers. Long
short-term memory (LSTM) networks excel in processing and predicting crucial events with extended intervals
and time delays in time series data. Additionally, the sequence-to-sequence (Seq2Seq) model, known for
handling temporal relationships, adapting to variable-length sequences, effectively capturing historical
information, and accommodating various influencing factors, emerges as a robust and flexible tool in discharge
forecasting. In this study, we introduce the application of LSTM-based Seq2Seq models for the first time in
forecasting the discharge of a tidal reach of the Changjiang River (Yangtze River) Estuary. This study focuses on
discharge forecasting using three key input characteristics: flow velocity, water level, and discharge, which means
the structure of multiple input and single output is adopted. The experiment used the discharge data of the whole
year of 2020, of which the first 80% is used as the training set, and the last 20% is used as the test set. This means
that the data covers different tidal cycles, which helps to test the forecasting effect of different models in different
tidal cycles and different runoff. The experimental results indicate that the proposed models demonstrate
advantages in long-term, mid-term, and short-term discharge forecasting. The Seq2Seq models improved by
6%-60% and 5%-20% of the relative standard deviation compared to the harmonic analysis models and improved
back propagation neural network models in discharge prediction, respectively. In addition, the relative accuracy
of the Seq2Seq model is 1% to 3% higher than that of the LSTM model. Analytical assessment of the prediction
errors shows that the Seq2Seq models are insensitive to the forecast lead time and they can capture characteristic
values such as maximum flood tide flow and maximum ebb tide flow in the tidal cycle well. This indicates the
significance of the Seq2Seq models.
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1 Introduction

Many metropolises in the world (e.g., Cairo, Shanghai and
New Orleans) lie in the river estuaries that need reliable dis-
charge observations and predictions to cope with hydraulic en-
gineering construction, water resources management and ecolo-
gical environment protection. Other water-related challenges
that call for similar data include disaster mitigation (such as
drought and flood mitigation), irrigation and drinking water al-
location (Hidayat et al., 2014). Similar to many other hydrologic-
al processes that exhibit an obvious nonlinearity, non-synchron-
ization, and uncertainty in parameter estimates (e.g., flow velo-
city and water level), discharge estimation and prediction at tidal
reaches are still a great challenge (Zhao et al., 2016). One of the
computational tools ideal to address this problem is the artificial
neural network (ANN) or recurrent neural networks (RNN). Al-
though a physically based model is superior at simulating catch-
ment processes, it frequently performs poorly, especially in areas
with little access to data. An ANN or an RNN can generate a reas-

onably accurate prediction that can be utilized as a tool for oper-
ational watershed management by using past data only and ex-
cluding catchment processes.

Long short-term memory (LSTM) networks have become ef-
fective modeling tools for the hydrological cycle in recent years
(Bai and Xu, 2021; Anshuka et al., 2022; Lees et al., 2022). Applic-
ations include monthly runoff forecasting (Yuan et al., 2018),
low-flow hydrological time series forecasting (Sahoo et al., 2019),
hydrological drought forecasting (Amanambu et al., 2022), rain-
fall-runoff modeling (Kratzert et al., 2018), estimation of tidal
level (Bai and Xu, 2021), and analysis of groundwater level vari-
ations caused by the changes in groundwater withdrawals (Shin
etal., 2020).

A sequence-to-sequence (Seq2Seq) model is a type of neural
network architecture designed for sequence transduction tasks,
where the goal is to convert an input sequence into an output se-
quence. It was initially developed for natural language pro-
cessing tasks (Sutskever et al., 2014), but it has since been ap-
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plied to various other domains, such as machine translation (Cho
etal., 2014), video summarization (Ji et al., 2020), rainfall-runoff
modeling (Yin et al., 2021a, b), and flood forecasting (Kao et al.,
2020). The Seq2Seq model consists of two main components: an
encoder and a decoder. The training process involves feeding the
input sequence into the encoder, using the generated context
vector to initialize the decoder, and then training the model to
produce the correct output sequence. In tidal river discharge
forecasting, historical runoff data, water levels, and other relev-
ant information can form the input sequence, while predicting
the discharge in the upcoming period constitutes the output se-
quence. Specifically, the encoder of the Seq2Seq model can map
past time series data into a fixed-dimensional context vector,
which encapsulates crucial information from the recent past.
Subsequently, the decoder utilizes this context vector to generate
the sequence of future discharge predictions.

The LSTM is widely used in the Seq2Seq model, capable of
capturing long-term dependencies in time series. In discharge
forecasting, past discharges play an important role in predicting
future discharges. With LSTM units, the Seq2Seq model can ef-
fectively capture and utilize this long-term dependency. This en-
ables the Seq2Seq-LSTM model to predict discharge trends more
accurately, especially with long time series data. By working in
tandem with the encoder and decoder, the model captures key
information in the sequence and generates accurate outputs cor-
responding to the inputs, providing reliable and accurate dis-
charge prediction results.

The purpose of this paper is to examine whether the LSTM-
based Seq2Seq models can predict satisfactory river discharge es-
timations at the mouth of great tidal estuaries. Different periods
of tidal month cycle (e.g., neap tide, middle tide and spring tide)
of discharge data are selected for prediction, which aim to evalu-
ate the ability to capture tidal peak values of different models. In
addition, in order to evaluate the sensitivity of the forecast dura-
tion of the Seq2Seq models, different durations (e.g., 3h, 6 h,
24 h, and 48 h) are selected for the tidal discharge estimation.
Last but not least, discharge data during various tidal day cycle
phases (such as flood tide, ebb tide, and slack water) are also
chosen to assess how well the proposed models capture tidal flow
variation characteristics. Other conventional models, such as
harmonic analysis and particle swarm optimization back
propagation (PSO-BP) neural network, will also be supplied and
studied, as well as rigid comparisons with the observed data.

2 Mathematical models

2.1 Harmonic analysis model

In the classic harmonic analysis model, a group of tidal com-
ponents are used to estimate the tide level. Once the amplitudes
and phase lags of these components are determined by least
square method, the tide level in a certain gauge is estimated ac-
cordingly (Harris et al., 2015). At present, least square method is
the most commonly used for harmonic analysis due to the pop-
ularization of computer.

In harmonic analysis, a formula summing up the contribu-
tions of the tidal constituents is usually used to represent the tid-
al height. Like the tide level, the mathematical expansion of the
discharge Q (Pan et al., 2023) can be written as

Q) = Qo+ Y fi Hicos[oit + ui+ (voi — g)] + (1), (1)
i=1

where 6, H;, and g; represent tidal frequency, amplitude and
phase lag of i-th tidal constituent, while ,, f, and v,; mean known

nodal angle, nodal factor, astronomical argument of i-th tidal
constituent (Foreman and Henry, 1989). Observed discharge,
mean discharge and observation error are denoted by Q(£), Q,,
and &(1), respectively. m is the number of resolved tidal constitu-
ents which depends on the length of records.

Equation (1) can be simplified further to form an equivalent
equation involving the sum of sine and cosine functions. Then
the least square method can be used to determine harmonic con-
stants. In this way, the estimated discharge denoted in Eq. (1) can
be determined. More detailed procedure can be found in Dennis
and Long (1971), Foreman (1977), and Pan et al. (2022). For clas-
sic harmonic analysis, tidal constituents can be easily analyzed
by “T_TIDE” (Pawlowicz et al., 2002) or “S_TIDE” (Pan et al.,
2018) toolbox of Matlab.

2.2 Back propagation and its improved algorithm

Back propagation (BP) train algorithm is often used to train
feed-forward neural network (FNN) (Rumelhart et al., 1986). The
connection weights are repeatedly changed when training a
neural network to achieve the desired error between the net’s ac-
tual output and the desired output (Fig. 1). The units of hidden
layers can gain regularities in the task by capturing the crucial
properties of the input layer through continual modification of
their weights.

To avoid duplicating calculations of intermediate terms in the
chain rule, the BP train algorithm typically works by computing
the gradient of the loss function to each weight by the chain rule,
computing the gradient one layer at a time, and iterating back-
ward from the last layer. This method ensures that the error is
distributed to all units of each layer. Hence, the biased terms and
weight values are updated. Due to its superior learning power,
FNN which is trained by BP has been employed for estimates of
tidal level and discharge (Lee, 2004; Hidayat et al., 2014).

Particle swarm optimization (PSO) algorithm is a global op-
timization algorithm (Kennedy and Eberhart, 1995), the al-
gorithm has strong adaptability characteristic such as concise
and easy to implement good robustness, and has been applied
successfully in many research fields, and has a deep intelligence
background (Jain et al., 2022). Combining the PSO with the BP
neural network merges the updating mechanism of PSO with the
weight adjustment mechanism of Back Propagation. This integ-
ration enables the use of PSO to explore and discover more op-
timal initial weights and biases. Subsequently, the BP algorithm
is utilized for meticulous tuning and optimization of these para-
meters, thereby enhancing the training efficiency and conver-
gence speed of the neural network. The flow chat of PSO-BP al-
gorithm is shown in Fig. 2.

PSO update the velocity and position of the particle accord-
ing to the following speed update formula:

input layer

hidden layers output layer

Fi

=

g. 1. Essential structure of BP neural network.
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Fig. 2. Flow chart of PSO-BP algorithm.

U?jl = Wl +an (pi‘cd,pbesl - xfd) + cor2 (gi'(d,gbest - xic ) ’ (2)

where 1%, is the velocity vector of particle i in the d dimension of
the k-th iteration; w is the inertia weight; c, is the individual
learning factor and c, is the group learning factor; r; and r, are
the random numbers in the interval [0, 1]; pfd’pbest is the optimal
solution obtained by the i-th particle search after the k-th itera-

tion; g is the optimal solution for the entire particle popula-
id,gbest
tion after the k-th iteration; xf.‘jl is the position of the previous
k41

step, and v;;" is the speed of the next step. Then, the position x
can be updated by x5 = &£, + 5.

2.3 Long short-term memory networks

A unique kind of RNN called long short-term memory net-
works can learn long-term dependencies. It was first proposed by
Hochreiter and Schmidhuber (1997), and numerous people im-
proved and popularized it in subsequent works. Nowadays it is
frequently used and performs incredibly well in dealing with the
estimation of nonlinear and long-term issues.

The same hyper-parameters to train LSTM models in this in-
vestigation as was done inLees et al. (2022). Here, a succinct in-
troduction to the LSTM’s state-space formulation in Kratzert
et al. (2019) is provided due to its clear explanation on the cell
state (c,), which reflects the state vector of the LSTM.

Hydrological models are often formulated in a state-space-
based approach where the states s at a specific time ¢t depend on
the input x,, the system states in the previous time step s,_;, and
the model parameters 0, as follows:

s = f(% $e—1;05) . 3)

Any output y, of a hydrological system (e.g., discharge) can be
described as

¥, =8 (% s-1,6)), 4)

where g(-) is a mapping function that connects the states of the
system and the inputs to the system output, and 6, is the corres-
ponding subset of model parameters.

Likewise, the LSTM can be formulated as

{ev i} = fistm (%6 €—1, hi—136k) @)

where f ¢1\(+) symbolizes the LSTM cell at time ¢ that is a func-
tion of the current inputs (x,, e.g., water level and flow velocity),
previous state and output (¢, ; and hidden state h,_;), paramet-
rized by the network weights 6,. The output of the system, form-
ally described in Eq. (4), would in this specific case be given by

¥; = foense (Rs;0:), (6)

where y, is the output of a dense layer f;,,,..(-) parametrized by
the weights 0, which predicts the river discharge from the hid-
den state at the end of the input sequence h,.

Unlike classical hydrological models (such as conceptual and
physical hydrology models), the LSTM can infer the needed
structure or parametrization from data without preconceived as-
sumptions about the nature of the processes. More detailed de-
scriptions of the LSTM can be found in Kratzert et al. (2019), spe-
cifically Eqs (1)-(4), located in Section 2. A schematic diagram for
the LSTM can be found in Fig. 3.

2.4 Seq2Seq model

As shown in Fig. 4, the Seq2Seq model consists of two main
components: an encoder and a decoder (Cho et al., 2014), which
usually use RNN or LSTM to model the time sequences. In our
study, LSTMs are adopted as the encoder and the decoder. The
basic principle is that the encoder encodes the input sequence
into a state vector a, while the decoder decodes the vector a for
predictive output.

The encoder consists of single-layer LSTM cells, which reads
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Fig. 3. Schematic diagram for the longshort-term memory (LSTM)
et al. (2022). These cells are repeated from the first timestep to the 1

@ |:| neural network layer

recurrent cell, adapted and reproduced from Olah (2015) and Lees
ast one of the sequence. From one timestep to the next, c, captures

the state of the system at time ¢. A series of gates, such as the forget gate (f}), the input gate (Z,), and the output gate (o,), protect and

control the information flow from the input data x, to the cell state
the tanh layer that are passed into ¢, base on the output of 0,. The

¢, c, is the candidate cell-state value, which transformed through
layers of neural networks: weights (w), biases (b), and activation

functions (o, tanh) correspond to the yellow layers are also shown in the diagram. The subscripts of ¢ indicate the three different gates

in LSTM, which are a way to optionally let information through.
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Fig. 4. Schematic diagram for Seq2Seq model employed in this study. LSTM, long short-term memory

the input sequence in chronological order step by step. The hid-
den state h, at the current time ¢ can be represented as

h; :ﬂxn h;_,, Ct—l)/ @)
where h,and k,_, are the hidden states of the encoding layer at
time f and ¢ - 1, respectively; x,is the input at time #; c,_, is the
LSTM cell state of the encoding layer at time ¢ - 1. The update
mode of the above three vectors is consistent with LSTM. After
multiple updates in the encoding layer, the input sequence is ul-
timately encoded as vector a. Since LSTM has the function of
long-term memory, vector a contains the complete information
of the input sequence.

The decoder is also composed of single-layer LSTM cells, and
the hidden state k] of its first cell updates by using vector a as the
initial input:

K, = f(a). ®)

The hidden state k] at time ¢ in the decoder only accepts up-
dates from the previous hidden layer state k', ; and cell state ¢’,_,,
as shown as

by =f(hi_y, €i_y)- ©9)

Then, the hidden state hj through the fully connected layer to

obtain the predicted value y, at time ¢, which is expressed as fol-
lows:

¥ =G(h). (10)
Finally, after multiple decoding, the required discharge se-

quence is predicted.
3 Study area and data collection

3.1 Study area

The Changjiang River (Yangtze River) Estuary is the largest
and most significant river estuary in China. It is renowned across
the world for its rich soil and water resources, water transporta-
tion, and fisheries. In particular, the river mouth located near the
urban area of Shanghai (Fig. 5), which is the financial, trade and
shipping center of China. Predictions and forecasts of floods and
droughts are crucial for urban inundations, shipping related to
the inland coal and petroleum sector, and drinking water sup-
plies in the entire Changjiang River Estuary region (Cai et al.,
2023). The Changjiang River discharge varies greatly seasonally
and annually (Fig. 6a). According to data collected during 1956 to
2009, the mean annual discharge is 28 310 m3/s (Zhang et al.,
2012), and the monthly mean discharge reached a maximum of
66 200 m3/s in July 1983, and a minimum of 7 600 m3/s in Febru-
ary 1987 (Zhang et al., 2016). Typical river discharges for the dry
and wet season are 15 000 m3/s and 35 000 m3/s, respectively.
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Fig. 5. Area of study. Red circles indicate (C1, C2, and C3) the deploy locations of the Acoustic Doppler Current Profilers, and the
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Fig. 6. Time series of the discharges at Datong Station (a) and shapes of the Xuliujing Section on two dates in 2019 and 2020 (b). The
discharge in Xuliujing Station is difficult to observe or estimate due to the large section and tide influence, so the discharge in Datong
Station (shown in Fig. 5) is commonly regarded as the net discharge into the East China Sea. A boat-mounted single-beam echo
sounder transducer (sonar) was used for bathymetric surveying at Xuliujing Section (Fig. 5) once a month.

Xuliujing Section located near the Shanghai City, and it is
about 110 km away from the river mouth with the cross-sectional
width of nearly 6 km (Fig. 5). Tides in the Xuliujing Section are
semi-diurnal and asymmetrical, with mean and maximum tidal
ranges of 2.05 m and 4.62 m, respectively. The average flood and
ebb duration of tide are 4.3 h and 8.1 h, while the average flood
and ebb duration of tidal current are 3.9 h and 9.1 h, respectively
(Zhang et al., 2012). Xuliujing Section is the demarcation point of
South and North Branches and it is the starting point of multi-
level branching in the Changjiang River Estuary. As an important
boundary point for the Changjiang River to enter the ocean, the
study of the discharge estimation and prediction at Xuliujing Sec-
tion becomes very important not only for the estuary scientific re-
search itself, but also for the water conservancy construction,
ecological environment protection, flood prevention and rescue.

3.2 Data collection

To obtain the uniform-sample and continuous discharge data
at Xuliujing Section, a real-time discharge monitoring system was
developed and used (Figs 5 and 6b). Three upward-facing Work-
horse Rio Grande Acoustic Doppler Current Profilers (ADCP)
manufactured by RD Instruments with 300 kHz were mounted on
the river bed of C1, C2, and C3, named fixed-profile ADCP. The
tidally-averaged depths of the three fixed profiles are 14.0 m,
43.5m, and 9.5 m, respectively. In the fixed-profile ADCP meas-
urement, the depth cell length and sampling interval were set at
1.0 m and 0.5 h, respectively. Because of the extensive cross-sec-
tion and significant flow variations in the Changjiang River Estu-
ary, both the thalweg and shallow water areas experience bidirec-
tional flow conditions (Gan et al., 2024). Therefore, a multi-pro-
file method which considering the non-synchronized current and
water surface sloop is adopted at Xuliujing Section. The methods
of discharge estimation from continuous fixed-profile ADCP data

at Xuliujing Section are detailly reported in Zhao et al. (2016).
The three forecast models are calibrated and validated using the
discharge time-series obtained from the multi-profile ADCP data.

Three representative tidal periods have been selected for in-
vestigating periodic variations of the discharge prediction and ac-
curacy variations of the models with different forecast duration
(Table 1). Although these periods do not exactly correspond to
specific tidal cycle, they can also be referred as neap tide, spring
tide and middle tide, respectively. Meanwhile, short-term,
middle-term and long-term forecasts are made for each tidal
cycle. The starting and ending time of the datasets are showed in
Table 1. For harmonic analysis model, the ending time of train-
ing data is November 1, 2020. For BP neural network and LSTM
models, the first 80% of each dataset is divided into training sets,
and the next 20% one is divided into verification sets for predic-
tion.

3.3 Parameters setting of the models

The model parameters of the neural network in this study are
empirically adjusted according to the evaluation criteria in the
actual training process. The numerical range of the flow in the
tide-sensing reach is widely distributed, and the difference
between the maximum value and the minimum value is large.
Therefore, in order to reduce the impact of the flow value distri-
bution on the operation of the neural network and the model and
improve the computational efficiency of the model, the data set is
normalized before training as follows:

(ymax - ymin) X (x - xmin)
(xmax - xmin)

an

y = + ymim

where x is the input data, y is the normalized output data, the
subscript “min” and “max” represents the minimum and maxim-
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Table 1. The starting and ending time of the datasets

Starting and ending time (YYYY/MM/DD)

Forecast duration (lead time) N e
eap tide

Spring tide Middle tide

Short term (3 h) 2020/10/01-2020/11/10
Middle term (6 h) 2020/08/01-2020/11/10
Long term (24 h) 2020/01/01-2020/11/10

2020/10/01-2020/11/18
2020/08/01-2020/11/18
2020/01/01-2020/11/18

2020/10/01-2020/11/29
2020/08/01-2020/11/29
2020/01/01-2020/11/29

Note: All datasets are sampled at half-hour intervals.

um values. In this way, all discharge data can be normalized to
[-1, 1] through the Eq. (11).

The classic harmonic analysis is implemented using the
T_TIDE package (Pawlowicz et al., 2002). For the 1-month data, it
extracts 29 standard constituents with the hindcast explains
96.2% of the signal variance. The largest five constituents, M,, S,,
M,, MS,, and K, have amplitudes of 63 408 m3/s, 28 935 m?/s,
15 747 m3/s, 12 991 m3/s, and 8 642 m?3/s, respectively (Table 2).
The dominant semidiurnal and diurnal constituents are M, and
K,, respectively. It is worth noting that the dominant overtide
constituent, M,, is greater than the major diurnal constituents K;.
Note that nodal corrections are not included in the analyses be-
cause nodal modulations are usually small in river tides com-
pared to the effects of stage variations (Matte et al., 2013).

The input parameters of the PSO-BP and LSTM models in-
clude flow velocity, water level, and discharge, while the only out-
put parameter is the predicted discharge. PSO-BP encompasses
the structural parameters of the BP neural network itself, while
the other part comprises the optimization parameters of the PSO
algorithm. The number of BP hidden layers is set to 1, the num-
ber of neurons in the hidden layer is set to 128, the learning rate
is set to 0.01, and the number of iterations is set to 200. The para-
meters of the PSO algorithm are presented in Table 3. The input
length and output length of BP in this study are the same as those
of LSTV, i.e., the input length is 24/48/144, and the output length
is 6/12/48. The different prediction periods have varying lengths
for the input sequences and the output sequences, primarily de-
signed to adapt to the changing characteristics of the discharge
and prediction needs across different time ranges. By reasonably
adjusting the sequence length, key information can be better
captured, leading to improved prediction accuracy.

The LSTM model in this paper is implemented using the PyT-
orch framework. The Torch.nn library is used to construct and
train the neural network model, Torch.optim is employed for
parameter optimization, and the Argparse library is utilized to
pass parameters to the script. The NumPy library is used for ar-

Table 2. Tidal constituents at Xuliujing with amplitudes greater
than 8 000 m3/s

Tifie Frequenf:y/ Amplitl}de/ Phase/(°) Signal—t(.)—noise
constituent  (cycle-h1) (m3.s71) ratio
M, 0.080 511 63 408 216.67 220
S, 0.083 333 28 935 267.85 46
M, 0.161 023 15 747 233.32 36
MS, 0.163 845 12 991 298.97 25
K, 0.041 781 8 642 24.510 330

Table 3. Parameter setting of PSO algorithm

Parameter Value
Swarm size 30
Inertia weight 0.5

Personal learning factor 4.494

Social learning factor 4.494
Maximum velocity 1.0
Number of iterations 200

Fitness function root mean square error

ray processing and manipulation, while the Pandas library is em-
ployed to load and process the dataset and perform normaliza-
tion operations. The LSTM model has a single-layer hidden layer
with a total of 128 nodes. Specific parameter settings are detailed
in Table 4.

For the Seq2Seq model, the input and output parameters are
identical to the LSTM model, and it employs the exact same
LSTM neural network structure and weighted parameters to pro-
cess input and output sequences. The shared parameters
between the Seq2Seq and LSTM models aim to facilitate informa-
tion exchange between the encoder and decoder, achieving effi-
cient sequence transformation. The input size of the Seq2Seq
model’s encoder is set to 3, and the output size of the encoder is
equal to the input size of the decoder, which is 1. This ensures co-
herence between the encoder and decoder. Other parameter set-
tings are entirely consistent with Table 4.

3.4 Evaluation criteria

Many assessment indexes are needed to compare the advant-
ages and disadvantages of various forecast models for handling
tidal estimates. When evaluating the correctness of estimated
outcomes in literature, the relative standard deviation (RSD) and
root mean square error (RMSE) are frequently used. They are
defined by

(12)

MSE

R
RSD = —

x 100%, (13)

x|
where 7 is total number of samples, x; is the observed value and y,

is the estimated value. To distinguish between flood tide and ebb
tide, we define the discharge in flood tide as negative, while the

Table 4. Parameter setting of LSTM model

Parameter - Value
Short term Middle term Long term
Hidden size 128 128 128
Num layers 1 1 1
Input dimension 3 3 /
Input length 24 48 144
Output dimension 1 1 1
Output length 6 12 48
Learning rate 0.01 0.01 0.01
Target error 0.001 0.001 0.001
Batch size 256 256 256
Epochs 200 200 200
Regularization 0.001 0.001 0.001
Activation ReLU ReLU ReLU
Optimizer Adam Adam Adam

Note: For different forecast durations, only the length of the input
and output length is different. / represents no data.
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discharge in ebb tide as positive. |x| is the average of absolute
value of x. When the estimated values match the real values, the
indexes RMSE and RSD are close to 0.

4 Results

4.1 Short-term forecast

The data utilized for harmonic analysis (HA) modeling for
short-term forecasting is displayed in Table 1 and was gathered
from the starting time to 3 h before the finishing time. The first
3 h after the end time are the forecasting window. Meanwhile, the
input data of the PSO-BP, LSTM and Seq2Seq models is the first
12 h, and the output is the last 3 h. The results of short-term fore-
cast using the four models with the RMSE and RSD are shown in
Fig. 7, and the differences between the predicted values and the
measured values are shown in Fig. 8. Following results can be
found.

(1) Since the short-term prediction model does not account
for the influence of the long-period tidal components, the har-
monic analysis model estimated values for the three tidal periods
of neap tide, middle tide, and spring tide are all higher than the
measured values. This may cause the overestimation in tidal dis-
charge prediction.

(2) The prediction curve of LSTM and Seq2Seq models is
closest to the observation curve, which are more consistent with

measured —0— HA
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the fluctuation of tidal discharge. In addition, the error distribu-
tion of Seq2Seq model shown in Fig. 8 is relatively concentrated.
The RMSE and RSD of the Seq2Seq model are the smallest
among the three models: the RSD of the Seq2Seq model is about
23%-32% smaller than that of the harmonic analysis model, and
about 5%-10% lower than that of the PSO-BP model. In particu-
lar, the accuracy of Seq2Seq model is about 2% higher than that
of LSTM model. The results indicate that the Seq2Seq model has
the best forecast prediction accuracy.

(3) For the three tidal periods, the RMSE and RSD of the four
models in the neap tide are both the smallest, and they display
minimal estimated errors in Fig. 8. Because of the low discharge
and the small fluctuation in the neap tide, these models have the
best accuracy in forecasting discharge.

4.2 Middle-term forecast

The data for harmonic analysis modeling used for middle-
term forecasting were gathered from the starting time to 6 h be-
fore the ending time. The first 6 h after the end time are the fore-
casting window. The first 24 h are the input data for the other
three models, and the last 6 h are the output data. The results of
middle-term forecast are shown in Figs 9 and 10. Following res-
ults can be seen.

(1) With the increase of prediction duration, the prediction
accuracy of the three models has decreased. The forecasting
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Fig. 7. Short-term discharge prediction by means of the four different models. Here discharge values of 12 h are used as input data
and another 3 h ones are used as output data. The blue dotted line is the predicted discharge by harmonic analysis, the green dotted
line is the predicted discharge by harmonic analysis PSO-BP neural network, the black dotted line is the predicted discharge by LSTM,
the red dotted line is the predicted discharge by Seq2Seq, and the black line is the measured data.
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accuracy of harmonic analysis model is significantly reduced
with the RMSE exceed 36 000 m3/s and RSD reaches to 70.5% in
middle tide, and the estimated discharges is significantly greater
than the measured ones.

(2) PSO-BP neural network model does not need to consider
the linear relation between time and the discharge. It only needs
to non-linear fit the input value with the output value to form the
internal functional relationship model. Thus, the accuracy in the
middle term is a little greater than that in short term, and the pre-
diction performance of the BP neural network model is relatively
stable. However, there is still a similar problem like that in the
short-term forecast, that is, the prediction error of PSO-BP model
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is obviously increases in spring tide due to the large tidal range.

(3) When compared to short-term prediction, the Seq2Seq
model’s prediction error has somewhat increased. With its RSD
being between 30% and 60% lower than that of the harmonic
analysis model and between 12% and 20% lower than that of the
PSO-BP neural network model, the Seq2Seq model continues to
have the highest accuracy among the three tidal periods.

4.3 Long-term forecast

For long-term forecasting, the data used for harmonic analys-
is modeling collected from the starting time to 24 h before the
ending time. The forecasting period is the first 24 h of the end
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Fig. 10. Estimation error of four different models in middle-term discharge prediction.

time. Meanwhile, the input data of the other three models is the
first 72 h, and the output is the last 24 h. The results of middle-
term forecast are shown in Figs 11 and 12. Following results can
be seen.

(1) Under the premise that there is enough data for model
training, the four models’ prediction curves are all in good agree-
ment with the observation curves, and the RMSE is almost less
than 10 000 m3/s. This shows that the four models’ prediction
results are reasonably reliable. Especially for the harmonic ana-
lysis model, the forecasting accuracy has been greatly improved
with sufficient data.

(2) The prediction results of the Seq2Seq model are relatively

measured —@— HA

reliable and the accuracy is still the highest among the four mod-
els. The RSD of Seq2Seq model is 6%-20% lower than that of har-
monic analysis model, and about 9%-25% lower than that of
PSO-BP model.

(3) The RSD of the PSO-BP model is 3% higher than that of HA
during spring tide; however, during neap and middle tides, the
prediction accuracy of the PSO-BP model significantly improves
compared to HA. The reason for this lies in the fact that the tidal
range is small during neap and middle tides, and the time series
data of discharge also fluctuates less, allowing the PSO-BP meth-
od to better capture this change pattern. Additionally, when pro-
cessing long series data, the PSO-BP method may encounter is-
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Fig. 11. Long-term discharge prediction. Here discharge values of 72 h are used as input data and another 24 h ones are used as out-

put data.
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sues such as vanishing gradients or exploding gradients, which
can result in premature convergence and impact the training ef-
fectiveness of the model.

5 Discussion

The correlation coefficients between estimated values and
observed values are also obtained in order to more clearly illus-
trate the prediction effects of the four different models at various
tidal stages (such as flood tide, ebb tide, and slack water). In stat-
istics, Pearson correlation coefficient (PCC) can be expressed as:
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n

> (X=X (vi-7)
PCC = =2 ,

n n

> (xi-

i=1

(14

i=1

where 7 is the number of data, X; is the estimated value, Y;is the
measured value, X is the average of the estimated values, and Yis
the average of the measured values.

Figure 13 shows the correlation coefficient between the es-
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Fig. 13. Correlation coefficient between the estimated tidal discharge and the measured values using the three different models. The
data in a, b, and c are corresponding to the data in Figs 7, 9, and 11, respectively.
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timated tidal discharge and the measured values using the three
different models. Compared with the estimation accuracy (RMSE
and RSD) showed in Figs 7, 9 and 11, the PCC values indicate the
same conclusion. The Seq2Seq model’s estimated results have
the largest PCC whether analyzing at short-, middle-, or long-
term data, and they are the model that best matches the observa-
tions. Especially, it can be found that Seq2Seq model fit the ob-
served positive maximum, minimum value (near to zero) and
negative maximum very well in all the sub-graphs, which corres-
ponding to ebb tide, slack water and flood tide. For hydrological
work, precise estimation of the maximum and minimum dis-
charge values in tidal rivers is crucial for flood management and
disaster reduction, building water conservation projects, and de-
veloping and utilizing water resources. This further demon-
strates the Seq2Seq model can play a vital role in hydrological
science research and water conservation engineering applica-
tions.

In addition, in order to test the stability of Seq2Seq model in
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discharge prediction, another four Seq2Seq models are trained
with the same dataset shown in Table 1. The training duration is
setto 6 h, 24 h, 48 h, and 96 h, and the testing duration is set to
3h,12h, 24 h, and 48 h, respectively. The estimated results and
corresponding RMSE and RSD are shown in Fig. 14. It is found
that they match the observed values for all time lengths. The
RMSE is 5 056 m3/s for the 3 h estimation. It then increases to
5209 m3/s and 5 643 m3/s for 24 h and 48 h estimations in ad-
vance. This is mostly caused by the accumulation of estimated
errors, but it could be resolved when more sophisticated models
and computational techniques are created and enormous
amounts of observed data are more effectively managed. In addi-
tion, it can be found that the estimation results get little worse as
the estimated period becomes longer, with the RSD and PCC vary
little in the four cases. In this approach, all of the outcomes pre-
dicted by Seq2Seq models are suitable for practical applications,
such as Flood Forecast and Alarm System, arrangement of port
cargo handling, and salt tide warning.
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Fig. 14. Half-hourly discharge estimation by the Seq2Seq models.

6 Conclusions

Long short-term memorynetworks excel at processing and
predicting significant events in time series data with relatively
long intervals and delays. Meanwhile, Seq2Seq models are adept
at capturing long-term dependencies within sequences and can

handle variable-length sequences effectively. Therefore, the
combination of these two models is particularly effective in cap-
turing critical tidal characteristics such as extreme values (such
as maximum ebb and flood flow) in tidal river. In this study,
LSTM-based Seq2Seq models are firstly used for forecasting the
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discharge of the tidal reach in Changjiang River Estuary. A good
performance is obtained for predictions with a forecast lead time
up to two days. Notably, Seq2Seq models have achieved substan-
tial improvements, reducing the relative standard deviation by
approximately 6%-60% and 5%-20% of the relative standard devi-
ation compared to the harmonic analysis models and improved
BP neural network models, respectively. Moreover, Seq2Seq
models exhibit an impressive robustness against variations in
forecast lead times, ranging from as short as 3 h to as long as 48 h.
Significantly, they excel at capturing critical characteristic values
within the tide cycle, including the maximum ebb tide discharge
and maximum flood tide discharge. This exceptional ability un-
derscores the profound significance and potential benefits of
Seq2Seq models in both scientific research and practical applica-
tions.
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