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Integrating an SW-LSTM Model with GNSS-IR to
Enhance Sea-Level Measurements during Storm
Surges

Kailun Hu, Dongju Peng, Linlin Li and Huabin Shi

Abstract—Conventional tide gauges have limitations in extreme
weather due to their susceptibility to damage from high waves and
storm surges, as well as potential inaccuracies caused by rapid
changes in wind speed and atmospheric pressure. To overcome
these potential issues, Global Navigation Satellite System-
interferometric reflectometry (GNSS-IR) is adopted for detecting
storm surges as a supplement part of observation systems. The
current GNSS-IR technique has insufficient accuracy and
temporal resolution to capture high storm surge. In this study, we
develop a sliding-window-based Long Short Term Memory (SW-
LSTM) framework to post-process GNSS-IR retrieval results.
Three scenarios of the SW-LSTM model are proposed in terms of
the prior information involved as input features into LSTM
networks. The models are validated in the inversion of sea levels
in Quarry Bay of Hong Kong during typhoons Hato, Khanun,
Mangkhut, Wipha, and Kompasu. The RMSEs in the GNSS-IR
retrieval results are between 15.0 cm and 18.8 cm and the skill
scores vary between 0.963 and 0.979. The data during Mangkhut,
Wipha and Kompasu are adopted to train the SW-LSTM models.
After post-processing with the SW-LSTM models, the RMSE in
the obtained sea levels is reduced to 6.8 cm for the Super Typhoon
Hato and 6.5 cm for the Severe Typhoon Khanun. The skill scores
are all above 0.990. Moreover, a comparison analysis shows that
the SW-LSTM models outperform the least squares method and
the cubic spline interpolation for GNSS-IR retrieval improvement.
The SW-LSTM models show potential to extend GNSS-IR
altimetry to real-time monitoring and synchronous predictions.

Index Terms—Global navigation satellite system reflectometry
(GNSS-R), signal-to-noise ratio (SNR), sea-level measurement,
machine learning method, sliding-window long short-term
memory model (SW-LSTM), storm surge.

1. INTRODUCTION

storm surge is an abnormal rise in sea level that occurs
during tropical cyclones (Fritz et al., 2007; Soria et al.,
2016). It can result in severe coastal flooding, posing a
significant threat to coastal infrastructure, economy, and human
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lives. For example, the estimated economic loss resulting from
storm surges in the Guangdong-Hong Kong-Macao Greater
Bay Area in the past decade exceeded 20 billion CNY.
Furthermore, storm surges are likely to intensify as a result of
global warming [3], [4]. It is thus important to monitor storm
surges to enhance preparedness and minimize potential losses.
Tide gauges are widely used to measure the fluctuations in sea
level during storm surges [5]-[7]. However, tide gauges may
experience malfunction during extreme events as they must be
installed close to water and are susceptible to damage. As an
example, in Macau, all gauges were not properly functioning
during the Super Typhoon Hato because of damage or
interruption in electricity supply [8]-[10].

Over the past decade, global navigation satellite system
interferometric reflectometry (GNSS-IR) has been emerging as
an in-situ sea-level observing technique [11], [12]. Compared
to conventional tide gauges, it has advantages of (1) being less
likely damaged during extreme events because GNSS-IR
stations can be installed at a relatively high location such as roof
top so as to reduce the risk of being damaged during storms; (2)
sensing changes of the sea surface in a large zone extending tens
to hundreds of meters from the coast [13], [14]; and (3)
simultaneously measuring the relative sea levels that
conventional tide gauges record and land-height changes [15],
[16]. Despite those advantages, GNSS-IR sea-level
measurements have limitations in terms of temporal resolution
and accuracy of individual measurements, particularly under
extreme weather (e.g., Super Typhoons). In this study, we aim
to improve the accuracy and temporal resolution of GNSS-IR
sea-level measurements during extreme events by using a deep
learning method, i.e., Long-Short Term Memory (LSTM)
network.

LSTM networks are a subclass of recurrent neural networks
(RNNs) designed to effectively address sequential data. They
have been demonstrated to outperform traditional RNN in
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handling complex and dynamic tasks because of their ability to
manage long-term dependencies in sequential data [17], [18].
LSTMs have been widely used in various fields, including stock
price prediction [18], [19], disease screening [20] and
prediction of extreme floods [21]. Building on the capabilities
of standard LSTM, advanced models such as recurrent deep
neural combined feature attention mechanism (FA-RDN) and
time-aware long short-term memory model anomaly detection
(T-LSTM-AD) have been developed to enhance various GNSS-
related applications. For example, FA-RDN has been applied to
improve the observation of sea surface wind speed based on
GNSS-R retrievals [22]. Similarly, T-LSTM-AD has been used
to improve GNSS-IR sea-level estimates at a site with a tidal
range less than 60 cm by detecting outliers and correcting the
effect of dynamic sea surface variations [23]. Given that errors
in GNSS-IR sea-level estimates are positively related to tidal
ranges [11], [24] further investigation is needed to assess the
effectiveness of LSTM in improving GNSS-IR sea-level
estimates at locations with larger tidal ranges. Additionally, the
effectiveness of LSTM during extreme sea-level events, such as
storm surges, has not been reported yet. In this study, we aim to
develop an advanced LSTM model, specifically sliding window
LSTM (SW-LSTM), to further process the GNSS-IR sea-level
estimates derived from the signal-to-noise ratio (SNR) data by
using lomb-scargle periodogram (LSP), with the goal of
improving sea-level measurements during storm surges.
Sufficient temporal resolution is key to optimizing the
performance of the SW-LSTM model, as data gaps can lead to
the faults of calculation [25]. To achieve the highest possible
temporal resolution, we use SNR data from multiple
constellations and multiple frequencies to derive GNSS-IR sea-
level estimates. This approach has been proven to significantly
enhance temporal resolution when compared to deriving sea-
level estimates from a single GNSS constellation [26]-[29]. To
evaluate the performance of our SW-LSTM model, we consider
three different scenarios. The first scenario uses adjacent
GNSS-IR sea-level estimates to match an available value at
each moment. This method bases on the uneven resolution and
indeterminacy of GNSS-IR data to provide continuous sea-level
measurements. The second scenario incorporates astronomical
tides as an additional factor to improve the estimates by
accounting for predictable tidal influences on dynamic sea
surface. This approach enhances the model's ability to predict
sea-level changes influenced by tidal patterns. The third
scenario integrates tide-gauge measurements with our model to
significantly enhance accuracy, serving as a supplementary
method during short-term tide-gauge outages. This integration
ensures the reliability of sea-level estimates even when direct
measurements are temporarily unavailable. Those three
scenarios are representative of typical installation conditions
that account for coastal tidal factors, allowing us to assess the
robustness of the SW-LSTM model across varying conditions
(details in section 3.3).

II. DATA

To evaluate our model, we used the GNSS data from the
HKQT station in Hong Kong. The geographic location and
photography of HKQT station are shown in Figure 1. This site
is equipped with a TRIMBLE NETRY receiver and a
TRM57971.00 antenna, receiving signals from GPS,
GLONASS, Galileo, BeiDou, and SBAS. In our study, we used
data at a 30-second sampling interval from 12 frequencies,
including L1, L2, L5 of GPS; G1, G2 of GLONASS; El, ES5a,
E5b, E5 (E5a+E5b) of Galileo; as well as B1, B2, B3 of
BeiDou. The inter-frequency bias is not considered in this study
because its magnitude is small compared to the errors [30]. The
details of constellations and frequencies are shown in Table 1.
To restrict signals from the land, we applied an elevation angle
mask of 4° to 10° and an azimuth mask between — 55° and 90°.
Since our focus is on improving sea-level measurements during
storm surges in terms of both temporal resolution and accuracy,
we selected the data during five recent typhoons, i.e., Super
Typhoon Hato (1713), Severe Typhoon Khanun (1720), Super
Typhoon Mangkhut (1822), Tropical Storm Wipha (1907) and
Typhoon Kampasu (2118), for analysis. A conventional tide
gauge is co-located with this GNSS site. The hourly data of sea
level recorded by this tide gauge were utilized to validate the
model. The predicted astronomical tide from harmonic analysis
by the Hong Kong Observatory, which were at a 15-minute
sampling interval, was used to enhance our post-processing
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Fig. 1. A top-down view of the reflection zones from
https://gnss-reflections.org/rzones [13] (a), and photos of the
GNSS equipment (b and c¢) from the Hong Kong Satellite
Positioning Reference Station Network (SatRef).
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TABLE I

ADOPTED SATELLITE SYSTEMS, FREQUENCY BANDS, FREQUENCY OF GNSS RECEIVER IN HKQT STATION, AND ITS
PSEUDORANGE CODE, PHASE CODE, AND SNR CODE OF EACH SIGNALS.

Satellite system Frequency band Frequency Signal Pseudorange code Phase code SNR code
GPS L1 1575.42 C/A Cl1C LIC S1C
L2 1227.60 C/A ca2c L2C S2C
L5 1176.45 +Q C5X L5X S5X
GLONASS Gl 1320_2{.111?{1162 C/A Cic L1C S1C
G2 1246+kx7/16 C/A ca2c L2C S2C
Galileo El 1575.42 B+C C1X L1X S1X
E5a 1176.45 +Q Cs5X L5X S5X
E5b 1207.140 +Q C7X L7X S7X
E5 (ESa+ES5b) 1191.795 +Q C8X L8X S8X
BeiDou B11 1561.098 1 C21 L21 S21
B2b 1207.14 1 C71 L71 S71
B3l 1268.52 I C6l L6l Se6l

III. METHODS

A. GNSS SNR Data Processing

As illustrated in Figure 2, a land-based GNSS antenna placed
near the coast receives signal directly from the satellites as well
as those reflected off the nearby water surface. These two
signals interfere with each other, resulting in an oscillating
pattern overlain on a long-time trend in the SNR data. The
frequency of these oscillations is linked to the reflector height
(h) and can be determined from the SNR residuals (OSNR)

following the equation proposed by [10] as below:
4 .
§SNR:ACOS[%hsm(5)+¢} (1)

where A is the amplitude of multipath oscillations; ¢ is the
elevation angle of satellite; A is the wavelength of GNSS
signals; and ¢ is a phase offset. The SNR residuals are

obtained by applying a third-order polynomial to remove the
trend.

We used the gnssrefl software package [31] to process SNR
data and derive reflector heights using LSP. Subtracting 5
from the height of the GNSS antenna (relative to the local mean
sea level), we obtained the sea level, which is notated £ and

hereafter named LSP sea level. To address the tropospheric
delays affecting the reflected signals, which are typically
recognized as scale errors that decrease exponentially with
satellite elevation angle and increase linearly with reflector
height [15], [32]-[34], we employed a combination of an
astronomical refraction model [35] and Global Pressure and
Temperature 2 (GPT2) Wet model [36] to correct the biases
caused by these delays. This approach can largely correct the
tropospheric delays [33], [37]. Moreover, the dynamic nature of
sea surface cause biases in the reflector height due to height-
rate change over a satellite pass, which need to be mitigated to
improve GNSS-IR sea-level estimates [11]. Under normal

weather conditions, these biases can be largely corrected by
iteratively estimating astronomical tides and using the predicted
tides to account for the height-rate change [11], [26]. However,
during storm surges, sea levels can deviate significantly from
astronomical tides, making this method potentially ineffective.
Therefore, here we chose not to apply this correction.

Fig. 2. Sketch of the GNSS-IR principle.

B. The SW-LSTM model

The discrete data points of sea levels obtained using the LSP
method are generally highly irregularly distributed over time.
To obtain a smooth and continuous curve with a fixed temporal
resolution, an SW-LSTM model is proposed to post-process the
LSP sea levels. Figure 3 shows the framework of the SW-
LSTM model. The model is composed of two parts: a multi-
layer LSTM neural network and a data-combination component
using the sliding window. The target variable of the data
samples for the multi-layer LSTM neural network is the
processed sea level at a target instant ¢, as shown in Figure 3.
The input features of a data sample include the LSP sea levels
within the sliding window centered on the target instant ¢ as
well as some prior information like the astronomical tidal
levels. Notably, the prior information is introduced to improve
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the prediction accuracy of the SW-LSTM model. The multi-
dimensional features are integrated in the data-combination
component of the proposed framework.

1) The multi-layer LSTM neural network: In this study, the
network consists of two LSTM layers and two dense layers, as
shown in Figure 3. In each layer, there are a series of connected
neurons that are the basic structure of neural networks.
Generally, the number of neurons in a layer is a power of 2 (e.g.,
32, 64, 128) which is favorable to parallel computing and
hardware optimization. In each neuron of the LSTM layer, the
recurrent unit, which is denoted by the letter A in Figure 3, plays
a critical role in capturing the temporal dependencies among
sequential data. To address the problems of vanishing gradient
and inability to learn the long-term dependencies in traditional
RNNS, the gate mechanism is introduced into LSTM networks.
Accordingly, a recurrent unit of a LSTM network consists of a
memory cell, a forget gate, an input gate, and an output gate.

The memory cell is adopted to store info from previous steps.
Its state at the i-th step, represented by a parameter C,, is
utilized to quantify the info stored. The forget gate is used to
determine what information from the previous cell state C,

should be discarded, while the input gate is introduced to
determine what new information be added to the memory cell.
Accordingly, the state at the i-th step is updated as

C=fC, +iC @
CA‘I_ = tanh(WCxxi +W,h_, +bc) 3)

where C, is an intermediate value of the cell state; f; is the

1

outcome of the forget gate at the i-th step and i, is that of the

input gate; X, is the input at the i-th step; 4, is the result from

2

the hidden layer of the previous step i—1; W,

X

and W, are
weight matrices; b is a bias vector. Involving the hidden layer
result /,_, in the calculation is the key to enabling the neural
network to handle the temporal dependency among sequential
data. The result of the forget gate f; varies in the range of 00 1

and is calculated as

Ji= o-(W/Xx,. Wy + bf) )

where o is the sigmoid activation function; W, and W, are

weight matrices; and b, is a bias vector. f; =0 means that the

previous cell state is completely forgot and discarded, while
/=1 indicates that the info of the previous cell state is

completely kept. The outcome of the input gate i, also varies

between 0 and 1 and is determined by a sigmoid activation
function as follows

L= O_(Vlex[ +W,h_, +bz) )
where W,

x

and W, are weight matrices; and b, is a bias

vector.

The output gate is introduced to control the pieces of
information in the current memory cell to output as the result of
the hidden layer. The outcome of the output gate at the i-th step,

notated O, , is also a function of the current input data x; and
the previous results in the hidden layer 4, , , expressed as
O, = (Wyx, +Wyh_ +b,) (6)

where W, and W,, are weight matrices; and b, is a bias
vector. Accordingly, the result of the hidden layer at the i-th
step, notated £, is calculated as

hl.:Ol.-tanh(Ci). @)
Subsequently, the updated cell state C, and hidden-layer

result /. are utilized in the succeeding calculations.

In this study, the proposed SW-LSTM model consists of two
subsequent LSTM layers followed by two dense layers. The
dense layers are introduced to further extract and integrate
features from the outputs of LSTM layers as well as reduce the
dimensionality of the outputs. The numbers of the LSTM and
dense layers can be adjusted based on calibrations. Generally, a
higher number of LSTM layers may help to capture more
characteristics among data but increases the complexity of the
network and hence the computational cost. There are 64
neurons in the first LSTM layer and 32 neurons in the second
LSTM layer. 16 neurons are used in the first dense layer and 1
neuron is utilized in the second. Notably, progressively
reducing the number of neurons involved in the network layers
is favorable to lowering the risk of overfitting.

2) The data-combination component: As denoted by the blue
dots in Figure 3, in general, the obtained data points of LSP sea
levels are distributed highly non-uniformly. To acquire a
deterministic value of sea level at the target moment ¢, all the
LSP sea level data in the sliding window centered on ¢ are input
into the LSTM network. For the input of an LSTM network, it
is generally required that the dimension of the data sample
features should be fixed. However, the irregular distribution of
LSP sea level data leads to variability in the number of data
points within a sliding window, which does not meet the
requirement for the input data structure of an LSTM network.
To address this, we set a fixed dimension of input features and
conducted padding.

In this SW-LSTM model, a data sample into the first LSTM
layer corresponds to a sliding window. As shown in Figure 3,
the sliding window is shifted at a time interval of Af. In

symbols, X, represents the input features of the data sample
corresponding to the ¢-th window centered on the moment 7, .
X, is obtained by integrating all the LSP sea level data in the
window with other prior information (like the astronomical

tidal level) and organized to be a Nx2 matrix in the data-
combination component. The first column of the matrix is the
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Fig. 3. Framework of the proposed SW-LSTM model for post-processing the LSP sea levels.

relative time of the data to the time 7, ,while the second column

of the matrix contains the values of LSP sea level and the
adopted prior information. The row number N is fixed in each
application of the model and should be carefully set to ensure
all the applicable date contained in the matrix. In a data sample,
if the total number of the available data of LSP sea levels and

the prior information is smaller than N , the matrix X, is

t
padded by null values (NaN). Consequently, the matrix X, is

generally composed of three parts and its structure is expressed
as

A

t

X =| B

t t

NULL

®)

where 4, contains the prior information; B, presents the data

of LSP sea levels; and NULL is the padded NaN values.
Further, the prior information part 4, is expressed as

(T;'] _T;)/L 77t,1

y (7;’2 _Z)/L 77t,2

t

©)

(7, -T)/L n,,
where m is the number of the prior information data points
within the #-th sliding window that is centered on the moment
T, and has a length of L; 7}, 7/,,..., T/, are the time of the

s Ly

prior information data and 7,,,7,,,...,7,, are the values like

the astronomical tidal level. The second part B, contains all the

LSP sea level data points within the i-th window and has a
structure as

(1,-1)/L &,
Bt: (722 _.Tr)/L 97,2 (10)
(z,-1)/L &,

where 7 is the number of the LSP sea level data points within
the #-th sliding window; 7;,, 7, ,,..., T;,, are the time of the LSP

AN ]

sea level data points; &, |, ¢, ,,..., &, are the observed sea level

values. The padding part NULL is a matrix of NaN values and
has a dimension of (N —m—n)x2, expressed as

NaN NaN

NaN NaN

NULL = (11)

NaN NaN (Nomonpc2

It is required that N must exceed m+n. In the applications,
the value of N depends on the length of the sliding window
L, the maximum possible number of LSP sea level data points
in a window, and the number of the involved prior information
data. One may expect a fixed extremely large value of N that
can ensure it always exceeds m+n. However, regardless the
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influence of too many NaN values on the model prediction
accuracy, an excessively large N results in a significant
increase in the model complexity and a decrease in the training
and computational efficiency.

In terms of the adopted prior information, the SW-LSTM
model can be applied to three scenarios, as shown in Figure 4.
In the first scenario, no prior information is used and the SW-
LSTM model relies solely on the LSP sea levels (Figure 4(a)).
This approach is particularly beneficial in challenging
environments where there is no prior information available. In
the second scenario, the model can be enhanced by
incorporating the predicted astronomical tides within the
corresponding window as the prior information (Figure 4(b)),
because tides account for a major part of sea-level variations
under normal weather conditions. However, during extreme
weather conditions, astronomical tides can differ significantly
from the observed sea level. Therefore, in the third scenario, if
observed data at neighboring tide gauges are available, the tide-
gauge measurements before the target moment are integrated in
the SW-LSTM model as prior information (Figure 4(c)). The
previous tide-gauge measurements provide the real trend of sea
level variation for the SW-LSTM model, which may reduce the
prediction error of the LSTM network. This scenario can serve
as a supplementary method to tide gauges in the event of short-
duration power outages or breakdowns of tide-gauge station
under extreme flooding.

In the applications of this study, the sliding window was

shifted at an interval of Af=15min . According to the

sensitivity study presented in Section 4.3, the optimized length
of the sliding window was L =4 h. The maximum number of

LSP sea level data points within a 4-hour-long window is lower
than 51. Accordingly, we set the row number of B, in a data

sample to be n=51. As illustrated in Figure 4(b), in the second
scenario, an astronomical tidal level sequence with an time
interval of 15 minutes predicted by the Hong Kong Observatory
was included as the prior information. Consequently, there are
17 astronomical tide data points within a sliding window,
including those at the boundaries of the window, and the row
number of 4, in the data sample was set to be m=17 . In the

third scenario (Figure 4(c)), an interpolated sequence of tide-
gauge measured sea levels with an interval of 15 minutes was
adopted as prior information. The number of the adopted tide-
gauge data within a sliding widow is lower than 8 and the
17x2 matrix 4 is large enough to contain these data.

Therefore, in the applications of this study, the row number of
the data sample matrix X, was set to N =m+n=068. If the

total number of LSP sea levels and prior information is smaller
than 68, NaN values were padded at the end of the matrix X, .

In this study, the SW-LSTM model was applied to post-process
the obtained LSP sea levels in a 7-day period during each of the
five typhoons. In each typhoon, 665 sliding windows were
adopted with a shifting interval of 15 minutes to cover the 7-
day period. Accordingly, 665 data samples in each case of
typhoon were acquired from the data-combination part of the

SW-LSTM model. In total, 3325 data samples were available
for the training and validation of the machine learning model.
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Fig. 4. Composition of the data sample in the three defined
scenarios: (a) First scenario, only LSP sea levels and no prior
information; (b) Second scenario, LSP sea levels and predicted
astronomical tidal levels; (c¢) Third scenario, LSP sea levels and
tide-gauge observed sea levels. The red star refers to the target
output of the SW-LSTM model, the time of which is the central
moment of the sliding window and represented by the symbol
T, . The blue dots are LSP sea levels, with the symbol T,

representing the time of the k-th point in the z-th window. The
symbol 7, denotes the time of the k-th astronomical tidal

levels or the tide-gauge measured data points that are integrated
into the data sample as prior information.

The matrices of data samples should be normalized before
being put into the LSTM networks. Generally, normalization of
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input data improves the stability of neural networks and
mitigates the issues of vanishing or exploding gradient.
Moreover, by ensuring consistent input data scaling,
normalization of input features makes the optimization process
more efficient and can significantly reduce the training time.
The Min-Max scaling normalization was adopted in this study,
of which the equation is expressed as
. X=X
X' == Tmin
X . —X

max ‘min

(Max—Min)+Min (12)

where x represents an element of the data sample features, i.e.,
the time or the sea/tidal level, and x* is its normalized value;
X, and x . are the maximum and minimum values of the

corresponding feature among all the data samples used in this
study, respectively; Max and Min are the limits of the
normalized values, with the values of x* varying between Min
and Max . In this study, Min =0.1 and Max =1.0 were set.

Notably, all the NaN values in the data sample matrices were
set to 0 after the normalization.

IV. RESULTS

A. LSP sea levels

To evaluate the quality of GNSS sea-level estimates derived
from the LSP method, we conducted a comparative analysis
between the LSP sea-level data and co-located tide-gauge
records. Figure 5 displays the time series of those two datasets,
superimposed with the astronomical tide. A quantitative
summary of the discrepancies between the two datasets is
provided in Table 2. We performed the analysis over two
distinct periods: (1) the entire 7-day period, and (2) the peak
period, defined as the 24-hour interval spanning from 12 hours
before to 12 hours after the peak water level. Notably, the
period other than the peak period is named hereinafter the
normal period. We employed two metrics, i.e., the root-mean-
square error (RMSE) and skill score, to assess the performance
of the LSP sea levels and our models in subsequent sections.
The RMSE is calculated as:

(13)

and the skill score is obtained by:

Zi:lly" _yi,|2
— N2
> (== )

where j is the real sea level recorded by tide gauge; y' is the

Skill =1-

(14)

sea level obtained from the LSP method or predicted by the
SW-LSTM model; / is the number of the predicted data within
the considered time span. The RMSE quantifies the average
magnitude of the discrepancy between the LSP sea levels and
the tide-gauge records, with lower values indicating a better
match. The skill score serves as an additional measure of
performance, providing a normalized assessment of the model's
predictive capability. A skill score value of 1 indicates a prefect
prediction.

Overall, the performance of GNSS-IR retrievals using the
LSP method was reduced during peak periods, as indicated by
generally greater RMSEs and lower skill scores, compared to
the entire periods. This reduction is anticipated due to the
influence of strong winds during typhoons, which increase sea
surface roughness and thus hinder specular reflections.
Additionally, heavy rains associated with typhoon events can
attenuate the reflected GNSS signals. Consequently, the
effectiveness of GNSS-IR is compromised, potentially
resulting in an absence of detectable interference patterns in the
SNR data and thereby affecting the accuracy of GNSS-IR
retrievals. Moreover, the average number of observation points
within a given-length window during the peak periods is
consistently lower than that during the normal periods (Figure
6).

Moreover, the performance of GNSS-IR retrievals varied
across the five typhoon events. The retrieved LSP sea levels in
Typhoon Kompasu exhibited the lowest RMSE (14.9 cm) and
the highest skill score (97.8%) during the peak period, whereas
those in Super Typhoon Mangkhut recorded the highest RMSE
(27.3 cm) and the lowest skill score (89.8%). A plausible
explanation for this discrepancy is the variation in wind speeds.
The maximum wind speed of Super Typhoon Mangkhut
reached 171 km/h, significantly exceeding those of the other
typhoons [38]. In terms of the results within the entire
observation period, the RMSEs for all five events remained
below 20 cm, aligning with findings from previous studies
conducted at the same site [8], [39], [40]. This consistency
underscored the reliability of LSP sea levels in this study.

TABLE [l . PERFORMANCE OF GNSS RETRIEVALS FOR SEA LEVELS DURING TYPHOON HATO, KHANUN, MANGKHUT, WIPHA, AND

KomrasU.
Typhoon RMSE (cm) Skill Score
Entire Period Peak Period Entire Period Peak Period
Super Typhoon Hato 18.1 22.9 0.975 0.975
Severe Typhoon Khanun 15.8 16.1 0.963 0.911
Super Typhoon Mangkhut 15.9 27.3 0.972 0.898
Tropical Storm Wipha 18.8 21.7 0.974 0.974
Typhoon Kompasu 15.0 14.9 0.979 0.978
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Fig. 5. Comparison between the LSP sea-level measurements (blue dots) and tide-gauge records (red line) at the Quarry Bay station
(HKQT) during Hato, Khanun, Mangkhut, Wipha, and Kompasu. The predicted astronomical tide is superimposed (green line).

The purple dashes outline the peak periods during each typhoon.
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We chose the data samples in Mangkhut, Wipha, and Kompasu
as the training data of the SW-LSTM network, to establish a
mapping function that correlates the LSP sea levels with the real
sea level at the target momentum. Subsequently, the model was
applied to process the retrieved LSP sea levels to predict a
deterministic value of sea level at target moments under typhoons
Hato and Khanun. Figures 7 and 8 present the predicted sea-level
time series by the three scenarios of the SW-LSTM model in Hato
S and Khanun, respectively. In the figures, the LSP sea levels, the
tide-gauge records, and the astronomical tide are superimposed.

-
n

5
-
o
8
Peak Wind Speed (km/h)

w

Average number of observations in each window

Hato Khanun Mangkhut Wipha Kompasu
Fig. 6. Comparison of the average numbers of LSP sea level
observation points in each sliding window during the peak and
normal periods. The maximum gust (blue line) and hourly (red
line) wind speeds recorded by the co-located anemometer of the
Hong Kong Observatory are superimposed.
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Fig. 7. The predicted sea levels during Hato by the three scenarios
of the SW-LSTM model. The values of RMSE and skill score in
the predicted results during the entire concerned period, relative
to the real sea levels recorded by the tide gauge (red curves), are
included. The retrieved LSP sea levels (blue dots) and the
astronomical tide (green curves) are superimposed.
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Fig. 8. The predicted sea levels during Khanun by the three
scenarios of the SW-LSTM model. The values of RMSE and skill
score in the predicted results during the entire concerned period,
relative to the real sea levels recorded by the tide gauge (red
curves), are included. The retrieved LSP sea levels (blue dots) and
the astronomical tide (green curves) are superimposed.
Compared to the LSP sea levels, the sea levels predicted using
the SW-LSTM models show signifciantly better agreement with
the co-located tide-gauge records during both the peak and normal

periods. Over the entire 7-day periods, the RMSE decreased from
18.1 cm in the LSP retrieval data to 9.5 cm in the results of the
first SW-LSTM scenario for Hato and from 15.8 cm to 8.4 cm for
Khanun. Upon incorporating the astronomical tide (Scenario 2),
the RMSE further decreased to 6.8 cm in the results of the second
SW-LSTM scenario for Hato and 6.5 cm for Khanun. When using
the previous tide-gauge records as the prior information (Scenario
3), the RMSE was reduced to 2.7 cm in the results of the third SW-
LSTM scenario for Hato and 1.4 cm for Khanun. The skill scores
in the results of the entire period were also improved, approaching
1.000.

For the sea level observation during the peak periods, the
improvement over the original LSP sea levels achieved by post-
processing with the SW-LSTM models is significant, even though
less satisfactory compared to that for the normal periods. For
Super Typhoon Hato, the RMSE improved from 22.9 cm in the
originally retrieved LSP sea levels to 14.4 cm in the predictions of
Scenario 1, to 8.6 cm in those of Scenario 2, and to 4.6 cm in those
of Scenario 3. For Severe Typhoon Khanun, the RMSE improved
from 16.1 cm to 7.5 cm in the predictions of Scenario 1,t0 5.1 cm
of Scenario 2, and to 1.3 cm of Scenario 3. The corresponding skill
scores also improved. Additionally, the SW-LSTM models
performed better for Khanun across both the enrire and peak
periods. The most likely reason for this is the higher quality of the
input originally retrieved LSP sea levels in the case of Khanun,
suggesting that the SW-LSTM models rely heavily on the quality
of the input data.

C. Sensitivities to the window length of SW-LSTM models

The length of the sliding window is a crucial parameter
influencing the accuracy of the SW-LSTM models. Figure 9
shows the results of the sensitivity study on the sliding window
length. The values of the RMSE in the predictions of the first SW-
LSTM scenario for sea levels in the entire period during Khanun
varied non-monotonically. Specifically, the RMSE decreased as
the window length increased from 2 hours to 4 hours and then
increased when extending the window length beyond 4 hours. A
4-hour window length optimizes the performance of SW-LSTM
models. Therefore, in this study, we used a length of 4 hours for
the sliding windows.
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—_— Error range
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Fig. 9. The variation of the RMSE in the predictions of the first
SW-LSTM scenario for sea levels in the entire period during
Khanun with the window length.
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V. DISCUSSION

The LSP sea levels obtained using GNSS-IR have been
widely applied to sea-level related investigations, including
studies on tides [41]-[43], storm surges [8], [44], tsunamis [45],
[46] and seasonal sea-level cycles [47], [48]. Despite their
widespread applications, the temporal resolution and accuracy
of these measurements are inherently constrained by factors
such as the frequency of satellite overflights, the precision of
the SNR data, and the geometric characteristics of the specific
site [49]. To enhance the temporal resolution and accuracy, [50]
introduced an inverse modeling technique, which represented
sea surface heights as a continuous function using B-splines.
That method yielded more accurate and continuous sea-level
time series, but it suffered from a low computational efficiency.
To overcome this limitation, reference [51] proposed a
technique that fitted the LSP sea levels with a cubic spline in
sliding windows. Similar methods, including other inverse
techniques based on least squares, have also been developed
[271, [39], [52], [53]. Compared to previous inverse methods,
both the post-processing spline method and least squares
inverse methods rely on spectral techniques, such as LSP or
wavelet analysis [54], which retain high accuracy while
significantly improving computational efficiency.

This study specifically examines storm surge periods, during
which the LSP sea levels exhibit more outliers and larger
deviations compared with normal conditions. These anomalies
present a significant challenge for traditional post-processing
techniques. However, the SW-LSTM post-processing approach
provides an open framework that effectively handles outliers
and integrates multiple influencing factors. This method avoids
the need for complex and time-consuming physical
calculations, offering a more efficient and robust solution for
analyzing sea level data during storm surges and achieving
higher accuracy compared to others.

A. Comparison between SW-LSTM, Least-Square Method, and
Cubic Spline Method

Least square method (LSM) is a standard approach in
regression analysis to approximate the solutions for
overdetermined systems. It achieves the optimization by
minimizing the sum of the squares of residuals, which are the
differences between observed and calculated values. Because of
its simplicity and ease of interpretation, the LSM has been
adopted in post processing LSP sea levels [27], [52]. However,
LSM assumes a linear relationship between variables, which
may not be accurate in complex scenarios. Additionally, it is
sensitive to outliers, which can significantly skew results. It
may also overfit the data if the model becomes too complex.

We employed the LSM optimization method proposed by
[27], which additionally considers tropospheric delay following
[52]. In the method, the variation rate of sea level, quantified by

h= dh/dt , is considered in the inversion of reflector height.
Firstly, the sliding windows are also adopted and the LSM
method aims to yield the reflector height /2 and its variation

rate /i at the central moment of each window. According to the
reflector height retrieval theory, there is a relationship between

the LSP result and a linear combination of 4 and /, expressed
as
_ ot .

&

(15)

where / is the result of the reflector height obtained from the
LSP method using the gnssrefl software package of [31], which
has included the tropospheric height correction; & is the
variation rate of the satellite elevation angle ¢ . Considering the
i-th sliding window, if there are n data points retrieved from
the LSP method, the above relationship is further written as

b =Uh +h, (16)
where
I,
h=|h, (17)
i
[ tan|( ¢, ]
.( “)+T,~,l T,
gi‘]
tan| ¢,
U, = _(”)+T[,.—z (18)
g ; ’
tan( ¢,
M + 7;’11 — TL

in which i_g ; (j=L...,n )istheresult of the j-th LSP-derived
data point in the i-th window and T, ; is its corresponding
moment; 7, is the central moment of the i-th window. Further,
Eq. (16) is rewritten into

h=V.Z (19)
] and Z, =[}'1/.,h[]T; 1,, is a

ones vector with a dimension of nx1. Using the least squares

where the matrix V] =[Ui, 1

nxl

method, the real reflector height 4, and its variation rate }.z,. at
the central moment of the i-th sliding window are calculated as

[ ] =2, = () V. (20)

Accordingly, once the reflector height is obtained, the sea
level at the window central moment is acquired by subtracting
h, from the GNSS antenna height.

For comparison with the results from our SW-LSTM model,
in the LSM optimization, we also utilized a window length of 4
hours and a sliding interval of 15 minutes. Based on the LSP
retrieved results, the LSM method was utilized to obtain new
time series of sea levels during the entire period of Hato and
Khanun, as shown in Figure 10. Firstly, we validated the
implementation of the LSM method in terms of the results
during Hato. Reference [39] adopted the LSM method to
retrieve sea level at HKQT station during Hato, achieving a
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RMSE ranging from 7.6 cm to 21.53 cm for different
frequencies of quad-constellations. Our LSM results yield an
RMSE of 10.7 cm and aligns with the level of accuracy, thereby
demonstrating the effectiveness of the LSM implementation in
this study.
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Fig. 10. Comparison between the time series of sea levels
during (a) Hato and (b) Khanun obtained using the LSM
method, the Spline interpolation, and the second scenario of
SW-LSTM model.

Additionally, we employed the cubic spline interpolation
approach, utilizing the open-source code provided in [51], to fit
the LSP retrieved data and obtained new time series of sea
levels. These results are compared with those obtained from the
second scenario of our SW-LSTM model in Figure 10. Overall,
in this study, the three methods all demonstrate high accuracy
for storm surge inversion at the HKQT station, achieving results
that are comparable to or exceed the accuracy levels reported in
previous studies [25], [53]. Comparatively, the LSM method
performs worst among the three approaches in both typhoons
while our SW-LSTM model performed best. The performance
of the cubic spline interpolation is comparable to the SW-
LSTM model in the Severe Typhoon Khanun but the RMSE in
its results in Super Typhoon Hato is larger than that of our SW-
LSTM model. The spline interpolation tends to smooth water
levels, which results in the loss of detail, particularly at the
peaks of sea levels. As shown in the inset of Figure 10(a), the
large rising gradient of sea level cannot be reproduced by the
spline interpolation. In comparison, our SW-LSTM model is
more effective in capturing these rapid variations. In the inset,
the sensitivity of the LSM method to outliers is also shown,
which results in the overestimation of the peak sea level.

B. Temporal resolution and duplicate values

The number of retrieved LSP sea levels in each sliding
window is not constant, as shown in Figure 11. Within a 4-hour
window, the number of LSP data points generally fluctuates

between 10 and 40. Additionally, multi-frequency signals can
introduce multiple LSPs simultaneously, making it challenging
to accurately determine the true water level. Previous studies,
such as [55], [56] proposed two filtering approaches to enhance
the retrieval accuracy: using a reliable signal and averaging the
retrieval results from different frequencies. However, both
filtering approaches have inherent limitations. The optimal
signal is not consistently fixed, and the mean fusion only
provides an average value. If multiple points are biased to one
side, this method can exacerbate errors. Moreover, the temporal
resolution after filtering the duplicate points, as indicated by the
black lines in Figure 11, is low and insufficient for storm surge
monitoring. Our SW-LSTM model circumvents the issue of
separating duplicate points by integrating all nearby LSP values
in the model training.
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Fig. 11. The variation of the temporal resolution of retrieved
LSP sea levels, quantified by the number of LSP data points in
each 4-hour sliding window, in the five typhoon cases. The red
lines refer to the number of original retrieved LSP sea levels per
window, and the black lines show the number of LSP sea levels
after filtering duplicate retrieval results.

C. Limitation and future direction

Our study has several limitations. Even though we have
achieved high accuracy in the time series of sea level during
Hato and Khanun, the number of the training dataset is limited.
Typically, a rate between the training and test data is greater
than 8:2, whereas our study employed a ratio of 3:2 primarily
due to the limited available dataset. More data samples under
normal conditions and different categories of typhoons may
help to fully train the model, capture the properties among the
data, and further increase the measurement accuracy. Another
limitation is the inherent variability of machine learning models,
that is, the output of each model training varies slightly and the
final yielded result of a specific sea level fluctuates with a range
of about £1.5cm.

Our SW-LSTM models provide an open framework for the
GNSS-IR field. First, it can be used for real-time water level
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monitoring and synchronous prediction (Figure 12). The target
output of the SW-LSTM model can be the sea level at the
current time for real-time monitoring or at a future moment for
prediction. Second, there may be improvements of the current
model structure for more complex applications, such as
increasing convolutional neural network (CNN) layers to
extract spatial relationships between data obtained from several
neighboring GNSS-IR retrievals. Third, incorporating
additional factors such as wind and air pressure may improve
the results, especially during storm surges, as water levels are
highly influenced by wind and air pressure in coastal areas. The
SW-LSTM framework allows us to bypass some physical

derivations and integrate these factors effectively.
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Fig. 12. Sketch of the outputs of SW-LSTM model for real-time
monitoring and prediction. If the target output of the SW-LSTM
model is the sea level at the end of the window (the red star),
the model can be applied to real-time sea level monitoring; if
the target output is the sea level at a future moment (the green
star), the model can be applied to prediction of future sea level.

VI. CONCLUSION

Storm surge observation requires high temporal resolution
and accuracy. We aim to achieve both by using an SW-LSTM
machine learning model to post-process GNSS-IR retrieved sea
levels. The multi-satellites and multi-frequencies technique was
adopted to enhance the retrieved results using the LSP
algorithm. The 7-day time series of sea levels at the HKQT
station in the Quarry Bay of Hong Kong during five typhoons
were obtained from the LSP analysis on GNSS SNR data. The
RMSE:s in the obtained sea levels varied between 15.0 cm and
18.8 cm during the 7-day periods while increased up to 27.3 cm
during the peak period under the Super Typhoon Mangkhut.

An SW-LSTM model was developed to post-process the LSP
sea levels, which is composed of a multi-layer LSTM neural
network and a data-combination component using the sliding
window. The target output of the LSTM neural network is the
sea level at the central moment of a sliding window and its input
features are all the retrieved LSP sea levels as well as some prior
information within the corresponding window. In terms of the
adopted prior information, three scenarios of the SW-LSTM
model were defined. In SW-LSTM Scenario 1, no prior

information is involved; In SW-LSTM Scenario 2, the predicted
local astronomical tide is adopted as the prior information; In
SW-LSTM  Scenario 3, the neighboring tide-gauge
measurements of sea levels before the window central moment
are utilized as the prior information. The data samples in
typhoons Mangkhut, Wipha, and Kompasu were employed for
model training and the time series of sea levels in Hato and
Khanun were applied to examine the model performance. The
RMSE in the retrieved LSP sea levels during the peak period in
the Super Typhoon Hato was 22.9 cm, while the values of
RMSE in the post-processed sea level time series by the SW-
LSTM Scenarios 1, 2, and 3 were 14.4 cm, 8.6 cm, and 4.6 cm,
respectively. Similarly, the RMSE in the retrieved LSP sea
levels during the peak period in the Severe Typhoon Khanun
was significantly reduced from 16.1 cm to 7.5 cm in the results
of Scenario 1, 5.1 cm of Scenario 2, and 1.3 cm of Scenario 3.

Moreover, we compared the performance of the SW-LSTM
model with those of another two methods that are currently
popular for improving the GNSS-IR retrieval accuracy, i.e., the
least squares method (LSM) and the cubic spline interpolation.
The results illustrate that the SW-LSTM model achieves the
highest accuracy and provides the best fit for abrupt changes
during storm surge peaks. It effectively captures the detailed
process of abnormal water level increases, close to the real tide
gauge records.
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