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Abstract—Water level measurement is essential for man-
aging and conserving water resources. The Yangtze River
has a significant impact on agriculture, transportation, and
local ecosystems, while traditional water level measurement
still has some limitations, e.g., high cost and low coverage.
Recently, global navigation satellite system-interferometric reflec-
tometry (GNSS-IR) has become a new means for water level
monitoring. This article integrates the reflected signals from
GPS, GLONASS, Galileo, and BDS constellations for real-time
high-frequency water level estimation at Yangtze River stations
(BADO and DATO). By integrating a sliding window with
variational mode decomposition (VMD), iteratively reweighted
least-squares (IRLS), and Savitzky–Golay (S–G) filtering, water
level measurements at a 5-min temporal resolution are obtained
and evaluated. Our individual and combined results show that
the VMD method efficiently provides more accurate and stable
inversion results using signal-to-noise ratio (SNR) data in each
window. The combined and filtered results improved the accuracy
by over 45.88% when compared to single-system measurements.
The root-mean-square error (RMSE) was 4.86 cm at BADO and
2.28 cm at DATO with coefficient of determination (R2) 0.99
at both stations. Our results demonstrated that the combined
method enabled precise and continuous water level monitoring,
which provides new pathways for hydrological monitoring and
real-time water resource management.

Index Terms—Global navigation satellite system-
interferometric reflectometry (GNSS-IR), signal-to-noise
ratio (SNR), variational mode decomposition (VMD), water level
monitoring, Yangtze River.

I. INTRODUCTION

WATER level data are a crucial basis for managing
inland water resources, especially in flood-prone and

drought-affected regions, where it plays a key role in disaster
early warning systems. The Yangtze River, the third longest
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river in the world, carries an immense volume of water and
experiences significant seasonal fluctuations. Monitoring the
water levels of the Yangtze River is therefore crucial for
managing flood risks, ensuring the safety of millions of people
living in its basin, and supporting water resource management
for agriculture, industry, and ecological protection. However,
traditional water gauges for monitoring water levels are labor-
intensive and prone to errors from vertical crustal deformations
at hydrological stations. Satellite altimetry technology has high
spatial resolution, but the sampling rate is low. In addition,
due to the complex terrain in coastal areas, the radar beam
may receive echoes from both the ocean and the land when
it is close to the coastline, resulting in inaccurate altitude
measurements [1]. Consequently, an alternative solution is
required with reliable performance in all-weather conditions
and high spatial–temporal sampling.

The global navigation satellite system (GNSS) provides all-
weather, around-the-clock, high-precision positioning, naviga-
tion, and timing (PNT) services [2]. Hall and Cordey [3] firstly
introduced the concept of GNSS-based reflectometry. Over the
following decades, GNSS reflectometry has been extensively
studied and proven effective for various applications, including
ocean altimetry [4], typhoon monitoring [5], sea ice detection
[6], soil moisture retrieval [7], and snow depth estimation
[8]. Martin-Neira [9] proposed the use of delays between
direct and reflected GPS signals for altimetry known as
the passive reflectometry and interferometry system (PAIRS).
Anderson [10] later introduced the widely used signal-to-noise
ratio (SNR) method, namely GNSS-interferometric reflec-
tometry (GNSS-IR). SNR data can be collected from just
a single GPS antenna [11], offering simplicity and cost
efficiency when compared to phase delay methods [12].
Larson et al. [13] used SNR data from conventional geodetic
GPS receivers to retrieve coastal sea level variations and later
introduced a dynamic sea surface model with adjusted heights
by incorporating sea level change rates [14]. Other researchers
have demonstrated the feasibility of using additional GNSS
systems for water level retrieval, such as GLONASS [15]
and BDS [16]. Roussel et al. [17] tested the performance
of combined GPS and GLONASS retrievals and calculated
both sea level and rate of change using the least-squares
method (LSM) with achieving a correlation coefficient of
over 0.97. Wang et al. [18] proposed a robust regression
approach using a sliding window from combining multi-
GNSS constellations and obtained 10-min interval water
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level with accuracy improved by approximately 40%–75%.
Strandberg et al. [19] introduced an inverse model for sea
surface altimetry with parameterizing the smoothed sea sur-
face using B-spline curves, and simultaneously estimated the
inverse model coefficients and sea surface B-spline parameters
as well as sea surface retrieval using SNR observations as input
for least-squares calculations. He later incorporated Kalman
filtering to demonstrate the feasibility of real-time sea surface
altimetry [20].

SNR signals typically contain direct signals, reflected
signals, and noise. When using GNSS-IR technology for
altimetry, it is essential to accurately extract the reflected
signal by removing the direct signal component, a process
known as detrending. This is commonly done by fitting
the direct signal component with a low-order polynomial
and then subtracting it [13]. To enhance the utility of
SNR data and improve the accuracy of spectral analysis,
Beckheinrich et al. [21] proposed using empirical mode
decomposition (EMD) for detrending SNR data. However, in
practice, the EMD method often suffers from mode mixing,
which reduces the accuracy and reliability of the decomposi-
tion results. To address this issue, Lee et al. [22] tested the
ensemble empirical mode decomposition (EEMD) method and
evaluated its effectiveness in handling the trend component.
Other researchers have tested the effectiveness of singular
spectrum analysis (SSA) in extracting interference frequencies
[23], [24]. Hu et al. [25] applied the variational mode decom-
position (VMD) method to decompose SNR data and remove
the trend component. The results showed that this method
offered higher accuracy and stability when compared to other
approaches. However, temporal resolution and accuracy are
still low.

To balance both temporal resolution and accuracy, in
this article we proposed a combined approach with inte-
grating a sliding window, VMD, iterative reweighted
least-squares (IRLS), and Savitzky–Golay (S–G) filtering.
Using this combined approach, a high temporal res-
olution with centimeter-level accuracy for water level
monitoring is conducted along the Yangtze River main-
stream. Section II introduces the GNSS-IR inversion model
and the detailed method as well as GNSS observation
at the Yangtze River sites (BADO and DATO). Sec-
tion III presents the performance of water level estima-
tion from both single-system and multi-system approaches.
Section IV provides a discussion of the results. Finally, con-
clusion is given in Section V.

II. METHODS AND DATA

A. GNSS-IR Altimetry Model

The basic GNSS-IR model for water surface height retrieval
is illustrated in Fig. 1. The GNSS antenna simultaneously
receives both direct and reflected signals, and their interference
effect is captured in the SNR data.

The SNR of ground-based reflection can be expressed as
follows [27]:

SNR =
Ps

Pn
=
�

Pd + Pr + Pi
r + 2

p
PdPrcos (Ψ + φ)

�
P−1

n

(1)

Fig. 1. Geometric paths of GNSS direct and reflected signals [26].

where Ps is the received signal power; Pn is the noise power;
Pd and Pr represent the power of the direct and reflected
signals, respectively; Pi

r is the incoherent power; Ψ is the
phase delay between the direct and reflected signals; and φ
is the additional phase shift introduced by reflection (e.g.,
random phase variations caused by surface roughness). The
SNR can typically be decomposed into a trend term tSNR
and an oscillatory term δSNR

tSNR =
�
Pd + Pr + Pi

r

�
P−1

n (2)

δSNR = 2
p

PdPrP−1
n cos (Ψ + φ) . (3)

Due to the significant path attenuation of GNSS reflected
signals and the directional design of the receiving antenna
(which suppresses low-elevation gain), Pd � Pr, and Pi

r is
a slowly varying specular component. Thus, tSNR is primar-
ily dominated by Pd. By detrending the original SNR time
series, the high-frequency oscillatory component δSNR can be
extracted. This oscillatory term contains information about the
geometric path difference and is directly related to the height
of the reflecting surface.

Assuming that the water surface is still and a specular
reflection occurs, the difference between the reflected and
direct paths is D = 2hsinθ, and the phase delay Ψ is expressed
as follows [28]:

Ψ =
2πD
λ

=
4πhsinθ

λ
(4)

where h represents the height of the antenna above the water
surface, θ is the elevation angle between the satellite and
the antenna, and λ is the carrier wavelength. δSNR can be
expressed as

δSNR = Acos
�

4πh
λ

sinθ + φ

�
(5)

where A represents the amplitude. The frequency f of the SNR
arc is expressed as

2π f =
dΨ

dsinθ
=

4πh̄
λ
. (6)

Due to the uneven sampling of elevation angles, the fre-
quency is extracted using the Lomb–Scargle periodogram
(LSP) [29], [30], [31], allowing the determination of the water
surface elevation h. Since the water surface is dynamic, the
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TABLE I
CORRELATION COEFFICIENTS AND KURTOSIS OF THE MAXIMUM CORRELATION COEFFICIENT OF IMF COMPONENTS FOR SNR DATA

FROM BADO AND DATO AT DIFFERENT K VALUES

static assumption introduces estimation errors. By introducing
the rate of change in height ḣ = (dh/dt) to model the dynamic
water surface, (6) is rewritten as follows [17]:

2π f =
4π
λ

�
tanθ
θ̇

ḣ + h
�

(7)

where θ̇ represents the rate of change of the elevation angle.
According to (6) and (7), we obtain

h̄ =
λ f
2

=
tan θ
θ̇

ḣ + h. (8)

B. Sliding Window for SNR Time Series

Previous studies have frequently used sliding windows to
enhance retrieval performance and temporal resolution [32].
The choice of sliding window length is crucial [17]. The
window length cannot be too large. If the observable orbit of
a single satellite spans several hours, significant deviations in
the retrieval results may occur due to variations in oscillation
frequency. Conversely, the window length should not be too
short, and it must provide enough data to accurately determine
the frequency f through the LSP method. The choice of sliding
window interval is also important, as it directly affects the tem-
poral resolution of the output. In this study, a 40-min sliding
window length and a 5-min interval were chosen, and the SNR
time series was divided into equal segments. In addition, some
satellite SNR arcs within the window include both ascending
and descending arcs, which may lead to estimation errors [13].
Therefore, we excluded these arcs from the window to improve
retrieval accuracy. Finally, we applied the VMD method to
SNR time series exceeding 300 s within the window and then
converted them to static reflection elevation h̄ through the LSP
method. To ensure the reliability of results, quality control of
the static reflection height h̄ is performed, and results with
peak amplitudes less than 7 and peak noise ratios (PNRs) less
than 3 are discarded. Within the window, outliers are removed
based on the interquartile range [32], and the height h is jointly
estimated using the IRLS method.

C. Variational Mode Decomposition

Hu et al. [25] proposed a GNSS-IR sea level height estima-
tion model based on the VMD method. VMD can decompose
SNR data into residual sequences and intrinsic mode functions
(IMFs) that represent different local features. By analyzing
these IMFs, the component representing the trend in the

Fig. 2. (a) Effectiveness of QF and VMD in fitting direct signal components
compared to original SNR. (b) Effectiveness of QF and VMD in extracting
δSNR.

SNR data can be identified. The remaining IMFs are then
reconstructed to extract the oscillatory component of the SNR
data. Finally, the oscillation frequency is extracted from the
SNR sequence using the LSP method to determine the sea
level height. This method is more robust with respect to signal
sampling and noise [33]. Fig. 2 compares the results of the
VMD method with quadratic fitting (QF). The VMD method
effectively distinguishes noise and useful components in the
signal with improving the utilization of SNR data.

The fundamental idea of VMD is to decompose a signal into
several amplitude- and frequency-modulated signals, which are
a set of mode functions with different central frequencies and
narrowband characteristics. The kth mode function uk(t) can
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be expressed as

uk (t) = Ak (t) cos (ϕk (t)) (9)

where Ak(t) is the instantaneous amplitude and ϕk(t) is the
instantaneous phase. The original SNR time series N(t), after
VMD decomposition, can be represented as

N (t) =

KX
k=1

uk (t) + r (t) (10)

where r(t) is the residual term. The IMFs in VMD are defined
as amplitude- and frequency-modulated signals. By optimizing
the variational model, the optimal mode functions uk(t) and
central frequencies ωk are found such that the sum of the
bandwidths of each mode function is minimized. Theoretically,
the constrained variational is expressed as

min
{uk},{wk}

(
KX

k=1





∂t

��
δ (t) +

j
πt

�
∗ uk (t)

�
e− jωk t





2

2

)
(11)

s.t.
KX

k=1

uk = N (t) (12)

where {uk} and {ωk} denote the sets of mode functions and cen-
tral frequencies, respectively. [(δ(t)+ ( j/πt))∗uk(t)] represents
the Hilbert transform of the analytic signal. e− jωk t represents
the modulation operation used to shift the mode function uk(t)
from the baseband to the central frequency ωk, where j is the
imaginary unit. To solve the optimal solution to the constrained
variational problem, VMD introduces Lagrange multipliers
and a quadratic penalty factor, transforming the constrained
variational problem into an unconstrained one. The augmented
Lagrange expression is

L ({uk} , {ωk} , λ)

= α

KX
k=1
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KX
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uk (t)

+
(13)

where α is the penalty parameter and λ(t) is the Lagrange
multiplier. Before satisfying the stopping criteria for iteration,
VMD alternately updates the mode functions uk and central
frequencies ωk using the alternating direction method of
multiplier (ADMM) until convergence. Each mode function is
shifted from the baseband back to its original frequency band,
resulting in K IMF components from the mode decomposition.
The number of IMF components determines the level of detail
in the decomposition results. Choosing an appropriate value
for K helps in more accurate interpretation and analysis of
the signal. To determine the optimal number of decomposition
layers [34], the kurtosis of the IMF component with the highest
correlation coefficient to the original SNR signal is calculated
for different values of K. Table I shows the correlation
coefficients of IMF components for SNR data from DATO
and BADO at different K values, along with the kurtosis of
the maximum correlation coefficient. The final choice for the
VMD decomposition value of K is 2.

D. Iteratively Reweighted LSM

To obtain high-frequency water level data for the Yangtze
River, the SNR time series is segmented using a sliding time
window, with a window length of 40 min and a 5-min interval.
To ensure the accuracy of the inversion, quality control is
applied to the results within each window. Subsequently, the
height h is jointly estimated using the IRLS method.

Since ḣ in (8) cannot be directly computed,
Roussel et al. [17] proposed using a classical LSM to
simultaneously estimate h and ḣ. Within the ith sliding
window, the reflected surface height of the pth satellite
and the qth signal, obtained through LSP time–frequency
transformation, is denoted as h̄pq. A matrix equation
incorporating multiple observations is constructed as follows:0@ . . .

h̄pq

. . .

1A =

0B@ . . . . . .

1 tan(θp)
θ̇p

+
�
tpq − ti

�
. . . . . .

1CA� h
ḣ

�
(14)

where tpq represents the central epoch of the qth signal from
the pth satellite within the sliding window and ti denotes the
central epoch of the ith window. Simplifying (14) yields

Li(n×1) = Bi(n×2) Xi(2×1) (15)

where Li(n×1) =

0@ . . .
h̄pq

. . .

1A, Bi(n×2) =0@. . . . . .
1 (tan(θp)/θ̇p) + (tpq − ti)
. . . . . .

1A , Xi(2×1) =

�
h
ḣ

�
, and n is

the number of effective inversion results for each system
within the window. Solving Xi using LSM provides the
solution for the mth iteration within the ith window as
follows:

X(m)
i =

�
BT

i P(m)
i Bi

�−1
BT

i PiL
(m−1)
i (16)

where P represents the weight matrix. The PNR of LSP is
an indicator of signal quality, with its magnitude reflecting
the quality of the signal. Therefore, this study uses PNR
values to set the initial weight matrix. Considering the varying
precision of different signals [18] and the potential presence
of large errors within the window, the IGG III weight function
is employed to update the weight matrix and enhance the
performance of the LSM [35]. The weight function is given
as follows [36]:

V (m)
i = BiX

(m)
i − L(m−1)

i (17)

p(m)
ss =

8̂̂̂̂
<̂̂
ˆ̂̂̂:

p(m−1)
j j

ˇ̌
ν(m)

s

ˇ̌
≤ k0

p(m−1)
ss k0ˇ̌̌
ν(m)

s

ˇ̌̌  
k1 −

ˇ̌
ν(m)

s

ˇ̌
k1 − k0

!2

k0 <
ˇ̌
ν(m)

s

ˇ̌
≤ k1

0
ˇ̌
ν(m)

s

ˇ̌
> k1

(18)

where V (m)
i represents the residual vector from the mth iteration

in the ith window, p(m)
ss denotes the sth row and the sth column

element of the weight matrix, and k0 and k1 are constants.
The standard residual of the sth element of the residual vector
ν(m)

s = V (m)
s

.
(σ0((1/p(m−1)

ss ) − Bis (B
T
i P(m−1)Bi)−1BT

is
)1/2). σ0 is

the unit weighted root-mean-square error (RMSE) given by
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[(V (m))T P(m−1)V (m)/n − 2]1/2, and Bis denotes the sth row of
Bi. The updated weight matrix is then used in (14) to solve
Xi, with the iteration stopping when the change in X meets
the following condition:

X(m+1)

− X(m)


 < ξ. (19)

E. S–G Filtering

The S–G filter smooths data by fitting a polynomial to
a local data window using least-squares, then replacing the
original data points with the values from this polynomial fit.
The S–G filter outperforms other smoothing methods, such as
moving averages, in preserving high-frequency components
of the data, such as sharp peaks and abrupt changes [32].
The filtered results of the IRLS combination are processed
by applying the S–G filter. In each filtering window (with
a length of 2w+ 1), while the water level h is fit with the
r-degree polynomial

h̃u =

rX
j=0

c ju j (20)

where h̃u represents the fit result, u ranges from [−w,w], and
c j is the polynomial coefficients. The sum of squared residual
E between the fit data points and the original data points is
given by

E =

wX
u=−w

�
h̃u − hu

�2
. (21)

The polynomial coefficients c j are determined using least-
squares. To achieve the best fit, the goal is to minimize the
sum of squared residuals E. This is done by taking the partial
derivative of E with respect to the polynomial coefficients c j

and setting it to zero, leading to the final solution
wX

u=−w

huu j =

rX
j=0

c j

wX
u=−w

u j+z (22)

where z denotes the order of differentiation. Once a number
of points on one side w, the polynomial degree r, and the data
hu to be fit are known, the polynomial can be determined.
The fit polynomial is used to estimate the value at the center
of the filtering window. For subsequent points, this process is
repeated by continually moving the window.

The steps for estimating water level in the Yangtze River
using the GNSS-IR combined algorithm are as follows.

1) Use a sliding time window to segment the original SNR
time series into 40-min segments with a 5-min step.

2) Apply the VMD method to extract reflection signals
from the SNR segments within the window and then
use the LSP method to determine the reflection height.

3) Perform quality control on the retrieval results within
the window.

4) Combine the reflection heights from all signals within
the window using IRLS, and assign weights through the
IGG III weighting matrix.

5) Apply S–G filtering to the combined reflection heights
to obtain the final Yangtze River water level estimation
with a 5-min interval.

TABLE II
BADO AND DATO OBSERVABLE DATA TYPES

F. GNSS Observation Data

Two continuous GNSS-IR water level monitoring stations
were installed in the river’s upper and lower reaches along the
Yangtze River, named BADO and DATO. BADO is located
within the Three Gorges Reservoir area, where operational
scheduling causes frequent water level fluctuations with annual
variations reaching 30 m. DATO, positioned at the final hydro-
logical control station before the Yangtze River discharges
into East China Sea, serves as a benchmark for downstream
discharge measurements and basin-wide water resource eval-
uation. Its water level changes are essential for long-term
hydrological monitoring and flood forecasting. These sites
represent two distinct hydrological regimes: a highly dynamic
upstream region and a discharge downstream region in the
Yangtze River. Together, they form an experimental platform
for assessing the generalizability and robustness of the pro-
posed GNSS-IR combined method.

BADO is equipped with a CHCNAV N72 receiver and an
A230RGB antenna, while DATO has a CHCNAV P5 receiver
and an A230RGB antenna. Both GNSS-IR stations were
installed directly within the national hydrological stations, with
their receivers positioned approximately 10–30 m from the
river surface. These stations collect multi-GNSS observational
data at a 1-Hz sampling rate (observable types are listed in
Table II). The data from both stations are transmitted in real
time to the Huawei cloud server via a data transfer unit (DTU).
Users can access the cloud server through file transfer protocol
(FTP) to download and process the observational data locally.

To validate the accuracy of GNSS-IR water level retrieval,
in situ measurements from hydrological stations collocated
with the BADO and DATO GNSS sites were used as refer-
ence. These hydrological stations are equipped with WFX-40
float-type water level gauges for continuous high-frequency
monitoring (sampling interval of 5 min), and RD-300C radar
water level gauges as backup instruments under abnormal con-
ditions. The reference water level data used in this study were
authorized and provided by the Ministry of Water Resources
of China, serving as a reliable benchmark for evaluating the
accuracy of GNSS-IR results.

Fig. 3(a) shows the geographical locations of the BADO and
DATO sites, while Fig. 3(b) and (d) illustrates the installed
antennas and the surrounding environment. The MATLAB
toolbox [38] was used to plot the first Fresnel zone at
different elevation angles for the BADO and DATO sites
[Fig. 3(c) and (e)]. To ensure that the receiver’s reflected
signals originate from the river surface, the final selected
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Fig. 3. (a) Geographic locations of BADO and DATO. (b) and (d) Antennas and surrounding environments at BADO and DATO stations, respectively.
(c) First Fresnel zone at BADO station for elevation angles of 5◦ and 25◦. (e) First Fresnel zone at DATO station for elevation angles of 5◦ and 30◦.

Fig. 4. Number of valid daily retrievals for each signal type at BADO: (a) GPS, (b) GLONASS, (c) Galileo, and (d) BDS; and DATO: (e) GPS, (f) GLONASS,
(g) Galileo, and (h) BDS.

elevation and azimuth angles were set as follows: BADO with
an elevation range of [5◦, 25◦] and azimuth ranges of [0◦,
100◦] and [300◦, 360◦]; DATO with an elevation range of
[5◦, 30◦] and azimuth ranges of [0◦, 70◦] and [250◦, 360◦].

This study uses SNR data collected from BADO and DATO
in September 2023 (DOY 244–273) to evaluate the perfor-
mance of the combined algorithm and its application in inland
rivers.
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Fig. 5. Water level results and correlation analysis for each system at BADO station.

III. RESULTS AND ANALYSIS

A. Performance of Single GNSS-IR

To assess the performance of various signals within the
sliding window, we applied the VMD and LSP methods to

retrieve reflection heights for each SNR type (see steps 1–3
in Section II). Fig. 4 shows the daily number of retrievals for
each frequency band at the two stations (BADO and DATO)
during DOY 245–270. The daily average number of retrievals
at both sites is ranked as: GLONASS > GPS > BDS > Galileo.
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Fig. 6. Water level results and correlation analysis for each system at DATO station.

Figs. 5 and 6 show the time series of water surface heights
retrieved for each SNR type at both sites, along with a corre-
lation analysis when compared to water gauge measurements.
To evaluate the performance of each signal, Table III provides
the RMSE and R2 values of the water surface height retrievals
for each SNR type.

For the GPS system, the total number of retrievals at
BADO remained relatively stable throughout the whole period,
ranging from approximately 200–300. The S5X band exhibited
the highest accuracy but had a daily retrieval count of only 12.
The S1C band had the highest number of retrievals among

GPS bands, with an average of 273 results per day. At DATO,
the retrievals remained consistent at around 400 per day, with
the S1C band contributing 238 and S2W about 116. The S5X
band demonstrated the highest accuracy, with an RMSE of
7.01 cm. The GLONASS system provided the highest daily
retrievals at both stations, with the S1C band showing the best
accuracy and highest contribution. At BADO, the RMSE for
GLONASS-S1C was 8.98 cm. The scatter plot of GLONASS
retrieval results at DATO shows a high correlation (Fig. 6),
although it is slightly larger when compared to GPS scatter,
indicating that GLONASS signals might have slightly higher
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TABLE III
DAILY AVERAGE RETRIEVAL COUNTS, RMSE, AND CORRELATION COEFFICIENT FOR EACH SNR TYPE AT BADO AND DATO

TABLE IV

COMPARISON OF THE RESULTS OF QF, EMD, SSA, AND VMD MULTISYSTEM COMBINATION

noise levels or variability. For the Galileo system, the number
of retrievals at the BADO station was low, ranging from 0
to 30, with 12 days showing no retrievals. The average daily
retrievals for the S1X and S8X bands were approximately 5
and 1, respectively. At DATO, the average daily retrievals were
approximately 268. The S5X band had the highest accuracy,
with an RMSE of 8.97 cm, despite having the fewest retrievals.
For the BDS system, both stations achieved decimeter-level
observation accuracy. BADO had an average of about 141
retrievals per day, with the S1I band contributing the most,
approximately 125, and S7I contributing about 16. DATO had
an average of about 363 retrievals per day, with the main
contribution from S1I, followed by S6I and S7I.

The results demonstrate that the performance of the
GNSS-IR method varies across different satellite systems
and frequency bands. At both BADO and DATO, the GPS
and GLONASS systems produced a high number of stable
retrievals, indicating consistent signal quality and reliable
water level data. Most bands in both datasets showed low
RMSE values and high correlation, indicating that the VMD
method offers high accuracy and stability. However, cer-
tain bands, such as GLONASS-S1C and BDS-S7I, exhibited
notable variations between the datasets, warranting further
analysis of their stability and reliability. The DATO site

had a higher number of retrievals for the Galileo and BDS
systems compared to BADO, possibly due to differences in
the receivers used at the stations. The increased number of
retrievals for each system at DATO indicates that GNSS-IR has
more and more data sources, which will effectively improve
the temporal resolution of GNSS-IR water level inversion.

B. Performance of Multi-GNSS Combination

In this section, we processed the SNR data within each
window using four methods: QF, EMD, SSA, and VMD. We
then analyzed these processed signals using the LSP method
and combined the results from multiple GNSS systems using
IRLS. We compared the combined water level retrieval results
obtained from these four methods. Table IV presents the
statistics of the 5-min water level results from DOY 244–274
for each method. At both BADO and DATO stations, the
RMSE for the VMD method was 7.9 and 5.99 cm, outper-
forming the other three methods and showing a 40% and 41%
improvement in accuracy when compared to QF. The accuracy
of the EMD and SSA methods is comparable, outperforming
the QF method. The total number of valid retrievals using
VMD was 8057 and 8475, slightly higher than other methods
(with DATO station’s VMD slightly lower than QF). These
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Fig. 7. Valid retrieval number and corresponding window counts for the combination algorithm at (a) BADO and (b) DATO.

Fig. 8. Comparison of GNSS-IR combination algorithm retrieval results with water level gauge measurements. (a) BADO and (b) DATO.

results indicate that VMD offers advantages in accuracy, data
utilization efficiency, and temporal resolution, making it a
reliable choice for high-frequency water level monitoring.

We used the IRLS method to merge retrieval results from
VMD and LSP and then refined the final output with S–G
filters. During the test period, the water gauge recorded 8640
observations. The BADO and DATO stations generated 8057
and 8475 retrieval results, respectively, with void retrievals
accounting for 6.7% and 1.9% of the total results. Void
retrievals occur when there are no transit satellites in the
window or when no usable reflector height is available after

quality control. To address these voids in GNSS-IR data, this
article applies cubic spline interpolation.

Fig. 7 shows the number of valid retrievals and the
corresponding number of windows during the combination
algorithm process. In BADO, 24.28% of the windows had
three valid retrievals, with most windows showing between
one and five valid retrievals. In contrast, DATO had an average
of five valid retrievals per window, resulting in a significantly
higher total number of retrievals compared to BADO.

Fig. 8 displays the comparison between the GNSS-
IR combined algorithm results and the water level gauge

Authorized licensed use limited to: Henan Polytechnic University. Downloaded on August 07,2025 at 13:55:23 UTC from IEEE Xplore.  Restrictions apply. 



JIN et al.: HIGH-FREQUENCY CENTIMETER-ACCURACY WATER LEVEL ESTIMATION IN THE YANGTZE RIVER 5802713

Fig. 9. Residuals between GNSS-IR combination algorithm water level inversion results and water level gauge measurements for (a) BADO and (b) DATO.

Fig. 10. Correlation analysis charts between water level gauge measurements and GNSS-IR combined algorithm results for (a) BADO and (b) DATO.

measurements. During the test period, the water level at BADO
fluctuated significantly with a maximum drop of 13 m. The
GNSS-IR estimates (red dots) show high consistency with the
water gauge measurements (black line), with overall deviations
within ±0.2 m (Fig. 9). The water level fluctuations at DATO
were relatively minimal (Fig. 8), which provides a detailed
comparison between the GNSS-IR estimates and water gauge
measurements. Notably, there was a significant deviation dur-
ing a trough on DOY 267, but the overall deviation remained
within ±0.1 m (Fig. 9). In addition, the correlation analysis,
shown in Fig. 10, reveals that the RMSE for BADO and
DATO are 4.86 and 2.28 cm, respectively, with both R2 over
0.99. This indicates that the GNSS-IR combination algorithm
effectively captures water level changes, whether the water
level is steadily rising or fluctuating slightly.

IV. DISCUSSION

In this study, we utilized a combined GNSS algorithm
to retrieve water level data for the river with a temporal
resolution of 5 min (DOY 244–273) along the Yangtze
River. The results show that, compared to water gauges, the
RMSE at the two stations (BADO and DATO) were 4.86 and
2.28 cm, respectively. Accuracy improved by at least 45.88%
and 67.52% compared to individual signal results, with both
stations achieving R2 of 0.99. Moreover, most residuals at both
stations were within ±0.1 m, demonstrating that this method
effectively captures water level changes, whether during steady
increases or minor fluctuations. In the combined approach, the
VMD method effectively filters out direct signals and noise,
enhancing the accuracy of spectral analysis compared to other
methods. The IRLS method successfully integrates estimates
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from multiple GNSS systems, improving the overall accuracy
and stability of water level retrieval results. The application
of the SG smoothing filter to the combined results further
refined the estimates, reducing noise and smoothing short-term
fluctuations, resulting in smoother and more continuous water
level estimation curves.

This study demonstrates that the combined method is effec-
tive for high-frequency water level monitoring using GNSS-IR
technology along the Yangtze River. Although there are slight
differences in water level estimation accuracy between the
BADO and DATO stations, these variations are due to two
main factors: the differing trends in water level changes
between the upstream and downstream sections of the Yangtze
River and the differences in the number of observable satel-
lites. BADO is located upstream of the Three Gorges Dam and
is directly influenced by dam operations and upstream water
inflows. This results in more complex and larger fluctuations
in water levels. The amplitude of water level fluctuations in
this environment may be higher, with more frequent changes
in reflected signals, which increases the complexity and dif-
ficulty of water level estimation. In contrast, the downstream
DATO station, influenced by multiple reservoir management
practices, experiences relatively stable water level changes.
This results in smaller fluctuations and more stable reflected
signals. In addition, differences in the number of observable
satellites may contribute to variations in accuracy. Specifically,
the BADO station has fewer band retrieval results compared
to DATO, particularly with less contribution from the Galileo
system. This implies that the robustness of the BADO station
is relatively weaker in the multisystem combination process.

This study has some limitations. For example, as reflected
signals pass through the troposphere, refraction causes the
signal path to bend, leading to an increased elevation angle
[39]. This study did not correct for the effects of tropospheric
delay, which may introduce some level of error. Future studies
could improve water level estimation accuracy by incorporat-
ing tropospheric correction for reflected signals.

V. CONCLUSION

The high-frequency and high-accuracy water level is esti-
mated in real time at the Yangtze River stations (BADO and
DATO) based on a combined method utilizing reflected signals
from GPS, GLONASS, Galileo, and BDS constellations. The
study demonstrates the effectiveness of the proposed GNSS-
IR combined method for high-frequency and high-accuracy
water level monitoring. By combining the sliding window with
VMD, IRLS, and S–G filtering, centimeter-level accuracy and
5-min time resolution water levels are achieved. The results
show that VMD outperforms other methods, such as QF, EMD,
and SSA, in terms of accuracy and data utilization efficiency.
Although the performance of the BADO and DATO stations
varies slightly, this can be attributed to differences in water
level dynamics between the river’s upstream and downstream
sections, as well as variations in the number of observable
satellites, particularly the contribution from the Galileo system.

Overall, GNSS-IR is a reliable and valuable tool for
continuously and accurately monitoring water levels. This

provides a strong basis for the broader application of GNSS-
IR technology in hydrological monitoring and water resource
management. As the technology advances, it is expected to
play a crucial role in tackling challenges associated with water
management and environmental sustainability in the future
[40], [41].
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