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Highlights:
e Two estuarine water level prediction models are proposed based on the LightGBM
e The two models predict short-term estuarine water level without needing river flow

e Estuarine tidal characteristics demonstrate the weight assignment of the Light GBM
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Abstract

The areas around estuaries are typically densely populated and economically developed.
Therefore, robust flood risk assessment in these areas is critical. One of the key
elements of flood risk assessment is the accurate prediction of estuarine water levels.
However, the nonlinear interactions between riverine (i.e., upstream river discharge)
and marine (i.e., tides) forces complicate the prediction of estuarine water levels.
Traditional physics-based and data-driven models have made significant progress in
predicting estuarine water levels, but they require upstream river discharge data as
inputs. Considering the lack of such data, the development of new approaches is crucial.
This study investigated a machine-learning-based light gradient boosting machine
(LightGBM) framework for predicting estuarine water levels using historical water
levels as the only inputs. Two prediction models based on the LightGBM framework,
denoted as LightGBMI1 and LightGBM2, are developed. The LightGBMI1 model
constructs only a single regression model and uses a recursive approach to generate
multidimensional outputs. The LightGBM2 model constructs multiple regression
models between the same inputs and outputs in each dimension. The LightGBM1 and
LightGBM2 models were applied to the Yangtze estuary as a test case. The results
demonstrate that both models are effective at predicting short-term (within 48 hours)
estuarine water levels, but the statistical performance of LightGBM?2 is better overall.
For 24-hour prediction, the root-mean-squared errors of the LightGBMI1 and

LightGBM2 models are in the ranges of 0.14—0.17 m and 0.12-0.15 m, respectively.
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1. Introduction

Because of their favourable environments, estuary zones are densely populated
with developed agriculture, transport, communities, and ecosystems (Savenije, 2015).
Among the largest 32 cities worldwide, 22 are located near estuary zones (Moftakhari
et al., 2019). Estuary zones are highly vulnerable to coastal flooding, particularly
flooding associated with global climate change and sea-level rise (Xu et al., 2023).
Therefore, the accurate prediction of estuarine water levels 1s vital for protecting human
life and properties.

In oceanic or coastal zones, tide level fluctuations are mainly attributed to
astronomic tides, which can be easily analysed and predicted through classical
harmonic analysis (Gan et al., 2021b). However, when tides propagate into estuary
zones, changes in water depth and estuary width can affect tides (Familkhalili et al.,
2020). Furthermore, upstream river discharge has multiple effects on tides. It impedes
tidal propagation and causes nonlinear energy transfer between tidal constituents within
different tidal species (Gan et al., 2024; Guo et al., 2015), a group of tidal constituents
with similar frequencies (Hoitink and Jay, 2016; Zhang et al., 2020). These external
forces complicate estuarine tides and make their tidal properties (amplitudes and phases)
time-dependent. Numerous studies have reported that estuarine tides worldwide have
strong non-stationarity, including the Columbia River Estuary (Gan et al., 2021a; Matte

et al., 2013; Pan et al., 2018b), St. Lawrence Fluvial Estuary (Matte et al., 2014), Pearl
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Estuary (Cai et al., 2018), and Yangtze Estuary (Chen et al., 2020; Gan et al., 2019).
Therefore, considering the non-stationarity of estuarine tides is vital for improving their
prediction accuracy.

Researchers have made significant contributions to improving the understanding
of estuarine tides using physics-based models. Simple approaches use a series of
analytical solutions to describe the variations in tidal waves in estuaries. Kukulka and
Jay (2003a) developed a theory representing the variation in tidal properties with
upstream river discharge. Kukulka and Jay (2003b) subsequently proposed a framework
to describe sub-tidal (low-frequency) water level variations considering marine and
riverine forces. Cai et al. (2014) proposed a theoretical framework to describe tidal
damping under the influence of upstream river discharge. Based on the analytical
solutions presented by Kukulka and Jay (2003a, b) and Jay et al. (2011), Matte et al.
(2013) proposed the non-stationary tidal harmonic analysis (NS_TIDE) model, which
is an extension of classic harmonic analysis that incorporates the nonlinear influence of
upstream river discharge on tides. The NS TIDE model has become one of the most
widely used tools for analysing estuarine tides (Cai et al., 2018; Chen et al., 2020; Gan
et al., 2019; Matte et al., 2013, 2014; Pan et al., 2018a, b). Alternatively, full
hydrodynamic models require no simplification of nonlinear variables and can directly
consider the nonlinear influence of multiple external forces on tides, including upstream
river discharge, interventions in hydraulic engineering (Tan et al., 2016), climate

change (Liu et al., 2019), and meteorological factors (Dinapoli et al., 2020; Familkhalili
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and Talke, 2016).

Artificial intelligence (AI) methods are also excellent choices for predicting
estuarine water levels with strong nonlinearity induced by complex interactions
between riverine and marine forces. Water level prediction can be mathematically
classified as regression, which is a common application area for Al methods. In contrast
to physics-based methods, Al methods make no assumptions regarding the functional
relationships between inputs and outputs. Their learning abilities enable them to
simulate nonlinear or unknown functions (ASCE, 2000a, b). Therefore, Al methods for
predicting estuarine water levels have become increasingly common.

One example of an Al-driven estuarine water level prediction is that by Chang and
Chen (2003), who applied a radial basis function neural network to conduct one-hour
water level predictions in the Danshui River Estuary during the typhoon period.
Similarly, Chen et al. (2012) compared the artificial neural network (ANN) and
hydrodynamic models to predict water levels in the Danshui River Estuary. Their results
indicated that the ANN model achieved accuracy comparable to or even better than that
of the hydrodynamic models. More recently, Yoo et al. (2020) tested the performance
of a long short-term memory (LSTM) model for predicting the water levels of the
Hangang River Estuary in South Korea using different combinations of input
parameters such as precipitation, river discharge, and wind speed. Gan et al. (2021b)
employed a decision-tree-based light gradient boosting machine (LightGBM)

framework to predict the hourly water level of the Lower Columbia River Estuary using
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upstream river discharge data as inputs.

Previous studies on estuarine water level prediction have mainly focused on
estuaries with observed upstream river discharge data. However, there are thousands of
estuaries worldwide (Alder, 2003), some of which do not have observed river discharge
data, particularly estuaries with medium or smaller scales. The lack of such observed
information may limit the application of physics-based or data-driven models for
predicting estuarine water levels. Therefore, new approaches for predicting estuarine
water levels when upstream river discharge data is unavailable are needed.

Observed estuarine water levels indirectly reflect the influence of upstream river
discharge on tides. Furthermore, estuarine water levels are time series containing
periodic fluctuations, particularly on a short-term scale (several days). Therefore, a
connection between estuarine water levels may be established (i.e., an auto-correlated
relationship). Because machine learning models are adept at learning unknown
relationships, we investigated their application to predicting short-term estuarine water
levels without prior boundary (upstream and downstream) information. Note that
hydrometeorological factors significantly influence estuarine water levels during
extreme events. Considering hydrometeorological factors as model inputs for
improving the prediction accuracy of machine learning models during severe river
floods or typhoons is beyond the scope of this study. The machine learning LightGBM
framework was selected for prediction in consideration of its high speed (Ke et al., 2017)

and widespread application in finance (Ma et al., 2018; Sun et al., 2020b), medical
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science (Gao et al., 2020), and geoscience (Fan et al., 2019). Furthermore, it has already
been used successfully to predict estuarine water levels when river discharge
information is available (Gan et al., 2021Db).

The remainder of this paper is organised as follows. The algorithms utilised in our
study are described in Section 2, and study site and field data information are given in
Section 3. The results are presented in Section 4, and further discussion is provided in

Section 5. The main conclusions are summarised in Section 6.

2. Model description

2.1 LightGBM framework

The LightGBM framework is a decision-tree-based algorithm proposed by
Microsoft (Ke et al., 2017). A decision tree algorithm typically consists of root, internal,
and leaf nodes. Root nodes contain all input information, whereas internal nodes
represent the judgement of input information and are used to conduct further tree node
splitting (Wu et al., 2016). Leaf nodes correspond to the outcomes associated with
specific inputs. Considering the division of tidal regimes based on tidal form numbers
as an example, Figure 1 (A) illustrates the concept of the LightGBM framework. When
the tidal form number F is in the range no more than 0.25 (0.25 <F <1.50; 1.50 <F <
3.00; F > 3.00), the tidal form in an area can be classified as a semi-diurnal (mixed but
mainly semi-diurnal; mixed but mainly diurnal; diurnal) regime (Frota et al., 2016). All
model inputs (tidal form numbers) can be treated as root nodes in the decision tree
model. The LightGBM framework can use cut-off values (0.25, 1.50, and 3.00) in a

step-by-step fashion to classify all tidal regimes.
8
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In practical applications, a single decision tree is often insufficient to map the
relationships between the inputs and outputs accurately. The LightGBM framework
uses a gradient boosting decision tree algorithm (Sun et al., 2020a) to construct multiple
decision trees. Assuming that the input is X, the output Y is the sum of a series of tree
outputs (Figure 1 (B)). The mapping relationship between X and Y can be expressed
as:

Y, = %io (X, 6), (1)
where i is the tree index, I is the total tree number, Y; is the output from the sum of
the I trees, 6; represents the topological structure, and T; is the output of the i

tree.
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Figure 1. Diagram of the LightGBM framework
During the learning process, the LightGBM framework must be specified using a
target function. The target function of the i** tree is expressed as follows:
Obj; =L —n) + Q, ()

where Obj; denotes the target function of the i*" tree, L is the loss function used to

9
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evaluate the errors of the model results relative to the target outputs (i.e., mean squared
error in this study), n is the observed estuarine water level, and 7; is the estimated
estuarine water level when i trees are used. (); is the following regular function,
which is used to improve model robustness and consists of two parts to avoid overfitting:
J J )
G=a) w+p)y o 3)
J=1 J=1
where the first and second terms on the right-hand side of Eq. (3) represent lasso
regression (L1 regularisation) and ridge regression (L2 regularisation) (Demir-Kavuk
et al., 2011), respectively, « and S are corresponding user-defined parameters used
to control the learning process, and wj is the output of the j th leaf node (grey node

in Figure 1), which can be expressed as (Gan ¢t al., 2021b):

2 @
6o = max(0, (16 - ) ®

where sgn is the sign function, and G; and H; are the sums of the first and second

derivations of the loss function for the sample points at the j* leaf node, respectively.
2.2 Specification of input and output layers

Figure 2 presents the input and output layers of the LightGBM framework.
Because only one-dimensional outputs are supported, only one-step (1 h in this study)
predictions can be obtained by the original LightGBM framework when using a time
series, which is insufficient for estuarine water level prediction. We propose two
indirect methods to derive multidimensional outputs (longer prediction lengths) using

the LightGBM framework, as illustrated in Figure 2. The past W (window length)

10
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observed water level points are used as inputs to predict the subsequent L (prediction
length) water level points (outputs). The first proposed modified LightGBM framework
(hereafter referred to as LightGBM1) uses a recursive method to obtain L-dimensional
outputs. Each output of the LightGBM1 model is used as one of the inputs for the next
step of prediction. Through continuous recursion, the LightGBM1 model can derive L-

dimensional outputs. As shown in Figure 2, only a single regression model is used in

LightGBM1.
1
nt—w+1) n(t) nEt+1) |4
’7;
Typel: LightGBM1
n(t—W+2) n(e+ 1) n(t+2)
£ r nE+1) n(t+ L)
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I
Input Combined output
Window length (W) Prediction length (L)
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Figure 2. Diagrams of the input and output layers of the LightGBM1 and LightGBM?2 models

The second method constructs a multi-regression model between the
corresponding inputs and outputs in each step (dimension). Therefore, L regression
models are constructed using the second LightGBM framework (hereafter referred to

as LightGBM2). If the prediction length is only one step (one hour in this study), then

1
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LightGBM1 and LightGBM2 are equivalent. However, when the prediction length is
longer than one step, the LightGBM2 model is expected to be more time-consuming.
The prediction length is specified according to the prediction requirements and
was set to 48 hours in this study. With different L values, there may be different
optimal W values for maximising prediction performance. For consistency, the same
value of W was used to compare variations in the accuracy of LightGBMI1 and
LightGBM2 with L. Furthermore, the optimal W values of both models were

determined according to the minimum errors of single-step prediction (i.e., L = 1).
2.3 Parameter tuning

For both LightGBM1 and LightGBM?2, two main types of parameters were tuned.
The first is the window length parameter (/') for the input structure (Figure 2). The
second type consists of the internal parameters of the LightGBM framework that
control its learning process. Detailed information on the internal parameters of the
LightGBM framework can be found in the paper by Ke et al. (2017). An optimisation
diagram for all parameters 1s presented in Figure 3, which was modified from the work
by Gan et al. (2021b). The data were divided into training and testing datasets. During
the training process, a portion of the training data (20% in this study) was used to
compare the models trained using different parameter values (i.e., validation period).
Once all parameters were optimised, the testing data were used to evaluate the accuracy

of the models.

12
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Figure 3. Diagram of parameter optimisation for the LightGBM framework constructed

in this study (modified from Gan et al. (2021b))

3. Study site and field data

3.1 Yangtze estuary

The Yangtze River is the longest river in Asia and the third-longest river in the
world. It begins in the northern part of the Qinghai-Tibet Plateau (Li et al., 2016). After
extending approximately 6,300 km from west to east, the Yangtze River finally flows
into the East China Sea. The final stretch of the river is typically referred to as the
Yangtze (River) Estuary (Figure 4). The Yangtze Estuary includes three-level
bifurcations and four outlets (Li et al., 2016). The river discharge is significant and
exhibits a distinct seasonal cycle (Gan et al., 2024). The maximum and minimum
recorded river discharge values are 92,000 and 4620 m>/s, respectively (Chen et al.,
2002). River discharge during the flood season (May to October) accounts for

approximately 70% of the yearly river discharge, while river discharge during the dry
13
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season represents the remaining 30% (Song et al., 2013). The monthly mean river
discharge values are 45,000 to 60,000 m3/s during the flood season and 10,000 to
20,000 m3/s during the dry season (Guo et al., 2016). Tides in the Yangtze Estuary
are dominated by semidiurnal tidal constituents (Gan et al., 2019). M; is the dominant
tidal constituent, followed by S», Ki, and O1 (Guo et al., 2016). Near the mouth of the
Yangtze Estuary, the tides are partially distorted and asymmetric, with the average flood
duration (5 h) at the Zhongjun Station near the estuary mouth being shorter than the
average ebb duration (7.4 h) (Chen et al., 2016). The mean tidal range near the estuary
mouth is 2.0-3.1 m, and the maximum value can reach approximately 4.6 to 6.0 m
(Yang et al., 2001). Based on these characteristics, the Yangtze Estuary is classified as

a partially mixed mesotidal estuary (Song et al., 2013).
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Figure 4. Map of the Yangtze Estuary and the distribution of hydrometric stations considered

in this study (taken from Chen et al. (2020))
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3.2 Field Data

Figure 4 presents the locations of the tidal stations to collect the water level data
used to evaluate the LightGBM models. The water levels at the Xuliujing (XLJ),
Jiangyin (JY), Sanjiangying (SJY), Zhenjiang (ZJ), and Nanjing (NJ) stations were used
in this study. In the positive landward direction, Wusong (WS) station was used as a
reference station to calculate the relative distance of each station. Figure 5 presents the
hourly water level measurements from 2012 to 2020. All water levels were unified to
the Wusong datum and times were considered in Chines¢ standard time. The Yangtze
estuarine water levels became more irregular in the upstream direction, indicating the
stronger influence of upstream river discharge on tides. In general, JY is considered as
a critical point. From the JY station, riverine and marine forces dominate in the

upstream and downstream directions, respectively (Guo et al., 2015).
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Figure 5. Water level measurements along the Yangtze estuary at XLJ, JY, SJY, ZJ, and NJ

stations

15



Journal Pre-proof

4. Results

4.1 Parameter optimisation

The variations in the root-mean-squared error (RMSE) values of the LightGBM 1
and LightGBM2 models for single-step prediction (i.e., L = 1) at each station with W
are presented in Figure 6. As W increase from 20 to 40, all RMSE values at each
station decrease significantly. When W is greater than 40, the RMSE values initially
exhibit a gradual decreasing trend and eventually reach a stable state with minor
fluctuations. The W values corresponding to the minimum RMSE values at stations
XLJ,JY, SJY, ZJ, and NJ are 73, 94, 76, 97, and 55, respectively. Figure 6 reveals that
the water levels from the previous two to five days are sufficient for predicting the water

levels of the Yangtze Estuary over short timescales.
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Figure 6. Variation of the RMSE values with different window lengths for the prediction

length of 1 h
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Similarly, based on the training process illustrated in Figure 3, the remaining
parameters of LightGBMI1 and LightGBM2 were optimised. The results for the
LightGBM1 model are listed in Table 1. Because the maximum prediction length (L)
was set to 48 hours in this study, there are 48 regression models when using the
LightGBM2 model. The parameters of the first regression model in LightGBM2 share
the same characteristics as those in LightGBM1 (Table 1). The optimised parameters
of the other regression models (2™ to 48™) in LightGBM2 were obtained similarly but
are not detailed here for the sake of brevity.

Table 1. Optimised parameters for the LightGBM1 model at each station

Parameters XLJ Y SIY VA NJ
learning_rate 0.20 0.20 0.20 0.20 0.20
num_iterations 2745 1744 3194 2544 2265
max_depth 4 4 6 4 12
num_leaves 9 11 9 20 5
max_bin 245 193 225 255 255
min_data_in leaf 25 25 23 20 20
feature fraction 0.690 1.000 1.000 0.760 0.940
bagging fraction 0.670 0.650 0.650 0.900 0.850
bagging freq 2 0 0 10 1
lambda 11 0.170 0.154 0.136 0.132 0.152
lambda 12 0.060 0.120 0.104 0.000 0.100
min_gain_to_split 0.000 0.000 0.000 0.000 0.000

4.2 Model testing

Based on the previously determined parameters, the LightGBM1 and LightGBM?2
prediction models were trained for each station, and the testing data were used to

compare their performances. Figure 7 plots the variation in the RMSE values of

17
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LightGBM1 and LightGBM?2 for different prediction lengths. Two general trends can
be observed in Figure 7. First, the LightGBM2 model performs better than the
LightGBM1 model with an increase in L. Second, the RMSE values of both the
LightGBM1 and LightGBM2 models exhibit a decreasing trend along the landward
direction when L is less than 24. Considering the 24-h prediction as an example, the
RMSE values of the LightGBM1 and LightGBM2 models at XLJ are 0.15 m and 0.17
m, respectively. In comparison, the values at the NJ station decrease to 0.12 m and 0.14

m, respectively.
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Figure 7. Comparison of the variations in the RMSE values of the LightGBM1 and
LightGBM?2 models with different prediction lengths

Stations XLJ and NJ are located downstream and upstream of the study area,

18
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respectively (Figure 4). Their results were used to evaluate the model characteristics
for different tidal reaches. Figure 8 compares the 24-h predictions of the LightGBM1
and LightGBM2 models to the measurements at the XLJ station. Overall, both the
LightGBM1 and LightGBM2 models reasonably predict the water levels at the XLJ
station. However, there are two time periods (dashed circles in Figure 8) in which more
significant errors appear. The details of these two time periods are presented in Figures
9 and 10. In Figure 9, one can see that significant errors occurred when the Likema
typhoon (ID: 201909) influenced the Yangtze Estuary. The maximum absolute error
(MAE) values of the LightGBM1 and LightGBMZ2 models during the Likema typhoon
period are 1.09 m and 0.89 m, respectively. Similarly, Figure 10 illustrates that the
second period in Figure 8 corresponds to the influence of the Tapah (ID: 201917) and
Mitag (ID: 201918) typhoons. The MAE values of the LightGBM1 and LightGBM?2
models during the Tapah period are 0.71 m and 0.77 m, respectively, which are smaller
than their values during the Mitag typhoon (1.36 m and 1.54 m, respectively). Overall,
the LightGBM1 and LightGBM2 models both exhibit significant errors at the XLJ

station during typhoon periods.
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To highlight the relationship between the model errors and typhoon factors, Figure

11 presents a comparison of the courses and strengths of the Likema, Tapah, and Mitag

typhoons. Typhoon information was obtained from the China Meteorological

Administration’s tropical cyclone database (Feng et al., 2014; Lu et al., 2021). Among

the three typhoons, the Likema typhoon is the closest to the Yangtze estuary, followed

by Mitag and Tapah. The strength of the Likema typhoon during the time corresponding

to the dashed circle in Figure 9 is classified as a tropical storm, while the Mitag and

Tapah typhoons associated with the dashed circle in Figure 10 belong to severe tropical

storms. During the Likema and Tapah typhoon periods, the tide at the XLJ station was

close to neap. The peak errors of the two models during the Likema typhoon are greater
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than those during the Tapah typhoon. This can be attributed to the closer proximity of
the Likema typhoon to the XLJ station compared to the Tapah typhoon. During the
Mitag typhoon period (Figure 10), the tide at the XLJ station was near spring. Typhoon
influences combined with spring tides can enhance the magnitude of storm surges
(Stephens et al., 2020). The peak errors of LightGBMI1 and LightGBM?2 during the
Mitag typhoon period are more significant than those during the Likema and Tapah
typhoons. Overall, Figures 8 to 11 demonstrate that both tide strength and typhoon
factors (strengths and courses) can affect the errors of the LightGBM1 and LightGBM2

models.
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Figure 11. Courses and strengths of the Likema (201909), Tapah (201917), and Mitag
(201918) typhoons
For comparison, Figure 12 plots the 24-h prediction results of the LightGBM1

and LightGBM2 models and the measurements of the NJ station between 2019 and
22
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2020. The overall accuracy is reasonable (RMSE = 0.12 m). Similar to the results for
the XLJ station, both models perform better during non-typhoon periods. Even during
the three typhoon periods mentioned above, the peak errors of the two models at the NJ
station are smaller than those at the XLJ station. The MAE values of the LightGBM1
and LightGBM?2 models during the Likema (Tapah, Mitag) typhoon period are 0.43 m
and 0.62 m (0.39 m and 0. 22 m, 0.49 m and 0.59 m), respectively. The NJ station is
much further upstream than the XLJ station (Figure 4). Previous studies, such as that
by Yin et al. (2021), have indicated that the storm surge at the NJ station is generally
smaller than that at the XLJ station, demonstrating that the water level fluctuations of

the NJ station are less sensitive to typhoon factors.
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Figure 12 also reveals that the two models exhibit more significant errors in July
2020, which corresponds to the flood season of the Yangtze Estuary. To compare model
performances during the flood season in detail, Figures 13 and 14 present the 24-h
predictions of the two models, as well as the measurements during July 2019 and 2020,
when the yearly maximum water levels appeared. Both models predict the water levels
at the NJ station during the flood season of 2019 with reasonable accuracy, although
they still exhibit relatively large errors during this period (dashed circle in Figure 13).
Compared to Figure 13, significant model errors are more frequent in Figure 14 and
are continuously distributed. Between 12 July 2020 and 27 July 2020, the results of the
LightGBM1 and LightGBM2 models are consistently approximately 0.55 m and 0.56
m lower than the measurements, respectively. During this period, the Yangtze Estuary
suffered an extreme flood event that caused the historical maximum water level at the
NI station (10.38 m). The data variation range in Figure 14 exceeds that of the training

data (2012 to 2018), which reduced the performance of the machine learning model.
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5. Discussion

5.1 Differences between training and testing data

Histograms of the training and testing data at the NJ station are presented in Figure
15 to compare their differences statistically. The maximum water levels of the training
and testing data are 9.96 m and 10.38 m, respectively. As shown in Figure 1 (A) and
Eq. (4), the model output of a leaf node is obtained from the average of all samples at
the same leaf node. The minimum number of samples at a leaf node for the NJ station
is limited to 20 (min_data_in_leaf = 20 in Table 1). Therefore, the leaf node containing
the sample with the water level point of 9.96 m in the training dataset also includes
other samples whose values are smaller than 9.96 m. When all samples at a leaf node
are averaged, the average value is smaller than the maximum value of the sample points.
This explains why the maximum predicted water levels of the LightGBMI1 and
LightGBM2 models in Figure 14 are near 9.80 m and smaller than 9.96 m. Specifically,
the value of 9.80 m is the maximum output of the LightGBM1 and LightGBM2 models
learned from the training data.

In previous applications of machine learning models to predict oceanic tide levels,
1.d, 1 week, or 15 d hourly tide level data were sufficient for model training (Lee, 2004;
Lee and Jeng, 2002). However, the fluctuations in estuarine water levels are more
complex. Influenced by upstream river discharge, estuarine water levels vary with
seasonal, annual, or even wet-dry-year variation cycles. To achieve accurate prediction,
the training data should contain variations covering the full range of potential

conditions. Specifically, the training data should be sufficiently extensive to include
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enough extreme events. Otherwise, Al-based models will suffer from degraded
performance under extreme conditions, such as the water level prediction of the NJ
station during the 2020 extreme flood (Figure 14). Therefore, the ideal training data
length for estuarine water levels may be much longer than that required to model
oceanic tide levels. Overall, Figures 14 and 15 indicate that the data length can be a
factor limiting the performance of machine learning models for predicting estuarine

water levels during extreme events.
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Figure 15. Distributions of the training and testing data at NJ station.
5.2 Connection to a physical background

Although the LightGBM framework is a data-driven algorithm, the weight
assignment of the input parameters and model performance can still be correlated with
the physical background of the Yangtze estuarine tides. The parameter contributions
were evaluated to determine the importance of the parameters in the input layer. The

parameter contribution represents the ratio of the number of times the LightGBM
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framework selects each parameter to generate a tree node over the total number of times
each parameter is chosen. The 10 most important parameters of LightGBMI1 (or the
first regression model in LightGBM?2) for each station are presented in Figure 16. The
water level from the previous step (n(t)) contributes the most, indicating that this
information most significantly affects the next-step water level (n(t + 1)). Additionally,
the water levels from the past day and half day are also important, with the former being
more vital than the latter, as indicated by the diagram in Figure 16 (F). Because tidal
variation consists of diurnal and semi-diurnal tidal constituents, the water level points
are strongly related to the values of the past day and half day. Furthermore, as a result
of'the joint influence of diurnal and semi-diurnal tides, a tidal-diurnal inequality appears.
Therefore, the magnitude of the water level points is more strongly related to the

information from the past day compared to that from the past half day.
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Figure 16. The 10 most important parameters in the LightGBM1 model or the first regression
model of the LightGBM?2 model for the XLJ (4), JY (B), SJY (C), ZJ (D), and NJ (E) stations,
and a diagram illustrating the tidal level variations with diurnal inequality

The Yangtze Estuary tidal characteristics can also illustrate the better performance
of the LightGBM models in the upstream direction (Figure 7). Historical estuarine
water levels were used to predict subsequent estuarine water levels. Therefore, the
autocorrelation strength between estuarine water levels can influence model
performance. Under the influence of upstream river discharge, high-frequency (i.e.,
diurnal and semi-diurnal tides) and low-frequency (monthly or annual) tidal variations
in the Yangtze Estuary are weakened and enhanced landwards, respectively (Gan et al.,

2019, 2024; Guo et al., 2015). Consequently, the water levels on time scales of days are
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more autocorrelated landwards owing to their reinforced long-term fluctuation, which
enhances their short-term (within 48 hours) predictability, thereby enabling the

LightGBM models to perform better landwards.
5.3 Limitations and prospects

Because the two proposed models are specially designed for cases with
unavailable boundary information, they cannot consider dramatic meteorological
disturbances with their current input settings, resulting in more significant errors during
extreme river floods or typhoons. If the LightGBM framework is used to predict
estuarine water levels considering dramatic hydrometeorological disturbances, the
factors representing external forces should be included as model inputs to improve its
performance. Several potential methods for considering such factors are described
below.

Machine learning models can predict estuarine water levels during river floods by
directly or indirectly considering upstream river discharge. First, the upstream river
discharge, downstream tidal range near the estuary mouth, and frequencies of
prominent tidal constituents can be used as LightGBM inputs to consider the influence
of upstream river discharge and river-tide interactions, which was performed in our
previous study (Gan et al., 2021b) and can also be found in other similar studies
(Supharatid, 2003). Second, machine learning models can be coupled with physics-
based models such as NS TIDE (Matte et al., 2013) or hydrodynamic models to

consider upstream river discharge indirectly to improve the prediction of estuarine
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water levels, which is a commonly used modelling concept (Chen et al., 2020; Fei et
al., 2023; Zhang et al., 2023).

Regarding the influence of typhoons, numerous studies have reported the
application of machine learning models to predict storm surges, but such studies have
mainly focused on coastal areas (Hashemi et al., 2016; Hien et al., 2020; Xie et al.,
2023). Variables representing storm strength and course are commonly used as model
inputs for training. However, estuarine water level prediction during a typhoon period
can be more complicated because compound flooding caused by river-tide-surge-rain
interactions may occur (Spicer et al., 2019). Additionally, sufficient training data is
required for a machine learning model to predict extreme events such as storm surges
accurately. Hashemi et al. (2016) pointed out that a limited number of measured
typhoon events may be insufficient for developing a robust machine-learning-based
prediction model. An effective method to augment typhoon data is to generate synthetic
typhoons using statistical models (Nederhoff et al., 2021). Therefore, machine learning
models such as the LightGBM model used in this study must be meticulously designed
when they are extended to predict estuarine water levels influenced by typhoons, which

will be the primary goal of our future research.
6. Conclusions

The nonlinear interactions between river discharge and tides complicate the
prediction of estuarine water levels. In particular, when typhoons occur, estuarine water

level predictions are more complicated as a result of river-tide-surge-rain interactions.
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Traditional physics-based or data-driven models require boundary information on tidal
reaches as input data to perform estuarine water level prediction. However, thousands
of estuaries worldwide lack boundary observations, such as upstream river discharge,
requiring different approaches for predictive modelling. Therefore, we constructed two
models (LightGBM1 and LightGBM2) based on the LightGBM framework.

Both the LightGBM1 and LightGBM2 models use historical water levels as the
only inputs to predict subsequent water levels. However, they differ significantly in
how they derive multidimensional outputs (multistep prediction). LightGBM1
constructs only a single regression model and uses a recursive method for multistep
prediction. In contrast, LightGBM2 builds multiple regression models between the
same inputs and outputs in each dimension. The LightGBM1 and LightGBM2 models
are the same if the prediction length is only one step. However, the training of the
LightGBM2 model can be more time-consuming than that of the LightGBM1 model
with an increased prediction length.

Statistical results revealed that the accuracy of the LightGBM2 model gradually
became higher than that of the LightGBMI1 model for longer predictions. For 24-h
prediction, the RMSE values of the LightGBM2 model along the Yangtze Estuary are
0.12 to 0.15 m, outperforming the LigthGBM1 model (0.14 to 0.17 m). Therefore, the
LightGBM2 model is more suitable for the Yangtze Estuary. Generally, the accuracy of
the LightGBM2 model increases along the upstream direction, which is related to the

autocorrelation enhancement of Yangtze Estuary water levels in the landward direction.
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Additionally, the weight assignment of the LightGBM framework to input parameters
is associated with the tidal patterns of the Yangtze Estuary.

Although both LightGBM1 and LightGBM?2 statistically predict the water levels
along the Yangtze Estuary with reasonable accuracy, they still exhibit more significant
errors at specific times, such as during typhoon periods. The MAE values during the
Likema, Tapah, and Mitag typhoons range from 0.22 m to 1.54 m. These error
magnitudes are related to typhoon factors (strength and course), tide strength, and the
location of the tide reach. The results at the NJ station reveal that a shortage of training
data (not covering enough extreme flood events) could aiso limit the accuracy of both
models. Their predictions at the NJ station during the 2020 extreme flood event are
consistently lower than the measured values, and their MAE values reach 0.55 m and
0.56 m, respectively. Therefore, further investigation is required to improve the
performance of LightGBM1 and LightGBM2 during typhoon periods and extreme

flood events by considering hydrometeorological data as additional inputs.
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