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Abstract: The Surface Water and Ocean Topography (SWOT) satellite mission, jointly
developed by NASA and several international collaboration agencies, aims to achieve
high-resolution two-dimensional observations of global surface water. Equipped with
the advanced Ka-band radar interferometer (KaRIn), it significantly enhances the ability
to monitor surface water and provides a new data source for obtaining large-scale water
surface elevation (WSE) data at high temporal and spatial resolution. However, the accu-
racy and applicability of its scientific data products for inland water bodies still require
validation. This study obtained three scientific data products from the SWOT satellite
between August 2023 and December 2024: the Level 2 KaRIn high-rate river single-pass
vector product (L2_HR_RiverSP), the Level 2 KaRIn high-rate lake single-pass vector prod-
uct (L2_HR_LakeSP), and the Level 2 KaRIn high-rate water mask pixel cloud product
(L2_HR_PIXC). These were compared with in situ water level data to validate their accuracy
in retrieving inland water levels across eight different regions in the middle and lower
reaches of the Yangtze River (MLRYR) and to evaluate the applicability of each product. The
experimental results show the following: (1) The inversion accuracy of L2_HR_RiverSP and
L2_HR_LakeSP varies significantly across different regions. In some areas, the extracted
WSE aligns closely with the in situ water level trend, with a coefficient of determination (R?)
exceeding 0.9, while in other areas, the R? is lower (less than 0.8), and the error compared
to in situ water levels is larger (with Root Mean Square Error (RMSE) greater than 1.0 m).
(2) This study proposes a combined denoising method based on the Interquartile Range
(IQR) and Adaptive Statistical Outlier Removal (ASOR). Compared to the L2_HR_RiverSP
and L2_HR_LakeSP products, the L2_HR_PIXC product, after denoising, shows significant
improvements in all accuracy metrics for water level inversion, with R? greater than 0.85,
Mean Absolute Error (MAE) less than 0.4 m, and RMSE less than 0.5 m. Overall, the SWOT
satellite demonstrates the capability to monitor inland water bodies with high precision,
especially through the L2_HR_PIXC product, which shows broader application potential
and will play an important role in global water dynamics monitoring and refined water
resource management research.

Keywords: SWOT satellite; satellite altimetry; inland water surface elevation; the Middle
and Lower Reaches of the Yangtze River
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1. Introduction

Water Surface Elevation (WSE) is a key indicator for studying the dynamic changes in
surface water. Enhancing the capacity for WSE monitoring and accurately and comprehen-
sively tracking river and lake water level changes is of great significance for flood control
and disaster reduction, water resource management and allocation, and the protection of
river and lake ecosystems [1]. Traditional water level monitoring data is primarily obtained
through continuous observations at fixed hydrological stations [2], a method that requires
substantial human resources, material support, and financial investment. Additionally, due
to the insufficient number of hydrological stations in some river basins and the limited spa-
tial coverage, particularly in remote and sparsely populated upstream areas, conventional
hydrological observation methods alone are unable to provide effective and continuous
water level measurements [3].

Satellite altimetry technology enables large-scale, high-precision, and periodic surface
observations, offering unmatched advantages over other observation techniques. It can
overcome the limitations of traditional water level monitoring, providing broader spatial
coverage and filling the gap in water level monitoring for data-scarce areas. It has be-
come an important tool for monitoring global ocean and inland water body elevations [4].
Satellite altimetry was first introduced by W.M. Kaula in 1969 and was initially applied
to global sea level height measurements. With the development of information and space
technologies, the capabilities of satellite altimetry have significantly improved, and its
range of application has expanded from oceanic [5] observations to glaciers [6,7] and inland
water bodies [8,9], including reservoirs [10], lakes [11], large rivers [12,13], wetlands [14],
and floodplains [15,16]. As a key component of satellite altimetry, radar-altimeter-equipped
satellites, with their ability to operate in all weather conditions, are especially suitable for
monitoring large-scale oceans and inland water bodies. However, due to their relatively
large footprint (low spatial resolution), they are limited in monitoring medium and small
inland water bodies and struggle to capture spatial variations in water bodies” details
[17]. In contrast to radar altimetry, the ICESat and ICESat-2 satellites, equipped with laser
altimeters, significantly improve spatial resolution and data acquisition accuracy through
high-precision laser ranging. However, due to their relatively long revisit cycle, their prac-
ticality is reduced [18]. Additionally, the laser signals from a laser altimeter can be affected
by atmospheric scattering and cloud cover when passing through the atmosphere, which
weakens or blocks the signals and impacts the quality and continuity of the observation
data [19]. Currently, existing satellite altimetry technologies only provide one-dimensional
strip or point measurements along the satellite’s orbit and cannot cover large areas. This
limitation makes it difficult to fully capture the overall water level changes in rivers or
lakes within a region.

The Surface Water and Ocean Topography (SWOT) satellite, launched in December
2022, carries the Ka-band radar interferometer (KaRIn), which utilizes dual-antenna in-
terferometric radar technology to measure WSE across a 120 km wide swath, covering
over 90% of the Earth’s surface. This capability addresses the limitations of existing radar
altimetry and laser altimetry techniques, which have narrow coverage swaths, and enables
the first continuous two-dimensional observation of global surface water [20]. The SWOT
satellite orbits at an altitude of 891 km above Earth and completes global surface water
monitoring every 21 days, with at least two observations of the same location within each
cycle [21], offering the advantage of a short revisit period. It is also the first satellite to
conduct high-resolution monitoring and high-vertical-accuracy measurements of global
surface water using wide-swath radar interferometric altimetry, providing centimeter-level
measurement accuracy. The spatial resolution for inland water bodies is 50 m, with a mea-
surement precision of 10 cm [22]. Additionally, the SWOT satellite is capable of monitoring
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small water bodies, including rivers with a width greater than 100 m and inland water
bodies with an area of 0.06 km? or larger. Numerous researchers worldwide have conducted
extensive studies on inland water bodies using synthetic SWOT data generated by the
CNES SWOT large-scale hydrology simulator (SWOT simulator). Xiong et al. [23] used
the SWOT simulator to generate synthetic SWOT data, accurately capturing the seasonal
and annual variations in the water level of Qinghai Lake, with a correlation coefficient
exceeding 0.9 and a root mean square error less than 0.19 m. Grippa et al. [24] demonstrated
the potential of the SWOT satellite for monitoring seasonal water level changes in small
water bodies in the Sahel region, achieving better than 0.04 m accuracy in some small lakes.
Nair et al. [25] used the SWOT simulator in the Mahanadi River Basin in India, effectively
monitoring river water level fluctuations and capturing seasonal water level changes in
the basin. Compared to traditional HEC-RAS hydrodynamic models and measured data,
the error was less than 0.2 m. Elmer et al. [26] used the SWOT simulator along with the
WRF-Hydro model to generate proxy WSE data for the Tanana and Susitna river basins.
The average WSE error for the river reaches in the Tanana River Basin was 0.15 m, with a
standard deviation of 0.64 m, while in the Susitna River Basin, the average WSE error was
0.04 m, with a standard deviation of 0.58 m.

An analysis of the aforementioned research findings reveals that the majority of studies
are based on synthetic SWOT data generated by the SWOT simulator, rather than analyzing
and validating actual data from the SWOT satellite. In March 2024, the Version C KaRIn
scientific data from the SWOT satellite were officially released, providing crucial new data
support for global surface water monitoring. However, the overall accuracy and effective-
ness of these scientific data products remain unknown. In light of this, the present study
aims to conduct a preliminary investigation of the scientific data released by the SWOT
satellite. It analyzes the accuracy and overall precision of three Level 2 KaRIn high-rate
products—namely, the high-rate water mask pixel cloud product [27] (L2_HR_PIXC Ver-
sion 2.0), the high-rate river single-pass vector product [28] (L2_HR_RiverSP Version 2.0),
and the high-rate lake single-pass vector product [29] (L2_HR_LakeSP Version 2.0)—in mea-
suring water levels in inland water bodies, and it evaluates their applicability. Additionally,
this study innovatively develops a combined denoising method based on the Interquartile
Range (IQR) and Adaptive Statistical Outlier Removal (ASOR) to address the spatial noise
generated during the interferometric process of the SWOT satellite. This method signif-
icantly improves the overall accuracy and temporal resolution of water level inversion,
providing an effective technical approach for further dynamic monitoring of inland water
bodies and the extraction of water body characteristics based on SWOT satellite data.

2. Study Area and Data
2.1. Study Area

The middle and lower reaches of the Yangtze River (MLRYR) are primarily charac-
terized by a plain topography, with an average elevation generally below 50 m. Only the
upstream river sections are characterized by mountainous and hilly terrain. The total area
of the MLRYR is approximately 780,000 square kilometers [30]. The region’s water system
is intricate, with lakes and reservoirs widely distributed, making it the most concentrated
area in terms of water resources, water network density, and lake distribution in China;
indeed, it accounts for 36.5% of the nation’s water resources. This region falls within
the subtropical monsoon climate zone, with precipitation exhibiting significant seasonal
variation, and is frequently affected by droughts and floods [31-33]. To effectively assess
and validate the accuracy of the SWOT satellite in monitoring inland water elevations
under different environmental conditions, this study selected eight different research areas
within the MLRYR (Figure 1). These areas encompass the main stream of the Yangtze River
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and its major tributaries; large, medium, and small lakes; and reservoirs, representing a

variety of terrain conditions and water body characteristics.
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Figure 1. The spatial distribution of study areas and related characteristics in the middle and lower
reaches of the Yangtze River. The gray shaded regions indicate the coverage areas of SWOT satellite
passes over the study region, and the red rectangles delineate the locations of the selected study areas.
(a—h) encompass different water body types, including the main stream and major tributaries of the
Yangtze River, reservoirs, and lakes. Red triangles represent in situ observation stations, and blue
water bodies denote the extents of the study areas.

2.2. SWOT Satellite Data

The SWOT KaRlIn scientific data are divided into Level 1B and Level 2 categories,
consisting of two types of Global Low Rate oceanography science data products and nine
types of Global High Rate hydrology science data products, each covering different levels
and types. For this study, we selected three products from the Level 2 Global High Rate hy-
drology science data products: L2_HR_PIXC, L2_HR_RiverSP, and L2_HR_LakeSP. Among
these, L2_HR_RiverSP and L2_HR_LakeSP are high-resolution products that are further
processed from L2_HR_PIXC data to generate river- and lake-specific physical parame-

ters [34]. The L2_HR_RiverSP product primarily includes two sub-products, namely, river
nodes (Node) and river reaches (Reach), while the L2_HR_LakeSP product includes three
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sub-products, namely, lakes based on observations (Obs), lakes based on prior databases
(Prior), and lakes with unassigned features (Unassigned) (Table 1). Each sub-product is
distributed in Esri Geographic Information System (GIS) Shapefile format.

Table 1. Descriptions of SWOT satellite products.

Level Product Sub-Product Format  Description
Water mask pixel cloud dataset containing geolocated heights,
L2_HR_PIXC —_— NetCDF  classification parameters, backscatter coefficients, geophysical fields, and
quality flags
. Nodes spaced approximately 200 m apart, extracted from the SWOT River
L2_HR_RiverSP Node Shapefile 1y 2base (SWORD_V16)
L2 Reach Shapefile River reaches (~10 km segments) derived from the SWORD_V16

database [35]

L2_HR_LakeSP

Lakes that are both included in the Prior Lake Database (PLD) [36] and
observed by the SWOT satellite

Composite lakes inventory encompassing PLD-archived and

Prior Shapefile SWOT-observed waterbodies, with null values assigned to PLD lakes
lacking SWOT observations

Obs Shapefile

Unassigned  Shapefile =~ SWOT-observed lakes unrecorded in the PLD database

This study will focus on analyzing key parameters, such as WSE, provided by the
L2_HR_PIXC,L2_HR_RiverSP (Node), and L2_HR_LakeSP (Obs) products. The L2_HR_PIXC
product includes attributes such as geolocation height information, surface classification,
backscatter, geophysical field information, and related quality flags. The L2_HR_RiverSP
(Node) product extracts key river parameters from the pixel cloud data of the L2 HR_PIXC
product, including WSE, surface slope, river width, and discharge (dschg_c), through
pixel assignment and node aggregation processing [37]. The L2_HR_LakeSP (Obs) product
extracts lake features from the pixel cloud data of the L2_ HR_PIXC product using processes
such as water body pixel selection, water body region segmentation, height-constrained
geolocation, and attribute calculation. It generates vector surface data containing lake
attributes, such as WSE and water surface area.

The SWOT satellite orbit paths and interferometric coverage for the study area can be
obtained from the 21-day scientific orbit KMZ file published by NASA’s Physical Oceanog-
raphy Distributed Active Archive Center (PO.DACC) (https://podaac.github.io/tutorials/
quarto_text/SWOT.html, accessed on 1 January 2025). The L2_HR_PIXC, L2_HR_RiverSP,
and L2_HR_LakeSP scientific data for the period from August 2023 to December 2024
can be downloaded from NASA Earthdata’s website (https:/ /search.earthdata.nasa.gov/
search?q=SWOT_*_2.0, accessed on 1 January 2025).

2.3. Optical and SAR Satellite Data

To obtain high-temporal-resolution surface water extent (SWE), we utilized SAR and
optical remote sensing data from the Sentinel-1/2 satellites provided by the Google Earth
Engine (GEE) cloud platform [38]. The Sentinel-2 satellite consists of two satellites, 2A
and 2B, from which Level 2A surface reflectance data products with a 10 m resolution,
preprocessed by radiometric calibration, geometric correction, and atmospheric correction,
can be accessed through the GEE cloud platform [39]. To compensate for image gaps caused
by cloud cover in Sentinel-2 data, the Sentinel-1A satellite was selected as a supplementary
data source. The preprocessed (orbital correction, thermal noise removal, radiometric
calibration, and terrain correction) Ground Range Detected (GRD) data product in the
Interferometric Wide Swath (IW) mode, with a 10 m resolution at Level 1, is available on
the GEE cloud platform.
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2.4. Other Data

The GDW consensus global database (V1) [40], developed by the Global Dam Watch
(GDW) consortium, integrates data from The Global Geo-referenced Database of Dams
(GOODD), The Global Reservoir and Dam Database (GRanD), and Future Hydropower
Reservoirs and Dams (FHReD). It provides a high-quality consensus product for river
barriers and reservoirs globally and is often used to delineate reservoir boundaries [41,42].
The river boundaries were delineated based on visual inspection of remote sensing imagery.
To validate the accuracy of the SWOT product water level data for the target area, we
obtained daily in situ water level data at 8:00 a.m. from 15 in situ stations for the period
from August 2023 to December 2024 from the Ministry of Water Resources Information
Center. The data used in this study are summarized in Table 2.

Table 2. List of remote sensing and other data sources used in the study.

Dataset Variable Spatial Temporal Time Span Purpose Data Source
Resolution  Resolution

SWOT L2 _HR_PIXC 50 m 21 days 2023.08-2024.12 WSE retrieval NASA
SWOT L2_HR_RiverSP - 21 days 2023.08-2024.12 WSE retrieval NASA
SWOT L2_HR_LakeSP - 21 days 2023.08-2024.12 WSE retrieval NASA
Sentinel-1A VV/VH 10m 12 days 2023.08-2024.12 SWE retrieval GEE
Sentinel-2 TOA reflectance 10m 5 days 2023.08-2024.12 SWE retrieval GEE
GDW-V1 Vector boundaries - - 2024 SWE retrieval GDW

In situ water level =~ Water level - 1 day 2023.08-2024.12  Water level validation SItI; tsigrllls

3. Methods

3.1. Overall Framework

This study evaluates the accuracy of water level measurements for rivers, lakes, and
reservoirs in MLRYR from August 2023 to December 2024, using WSE derived from three
SWOT satellite scientific data products (Figure 2). First, SWE for the study area was
extracted using the water index algorithm applied to Sentinel-1/2 satellite imagery. Next,
WSE with higher reliability from the L2_HR_RiverSP (Node) and L2_HR_LakeSP (Obs)
products were selected. Third, the L2_HR_PIXC data were clipped using the high-temporal-
resolution SWE, and the clipped pixel cloud underwent denoising to obtain the WSE data
for the pixel cloud. Finally, the accuracy of the extracted WSE was comprehensively
evaluated based on the 15 in situ water level observations.

# \ B e R R S S

I ] I 1

!l sentinel-1 Sentinel2 |! | sSwoT swoT swoT !

| SARVVIVH Optical images | ! | L2_HR_PIXC L2_HR_RiversP L2_HR_LakeSP | |

1 1 1 1

' } | ; | l | !

1 1 1 1

1 1 1 1

1 1

: SDWI AWEIsh i i Wate;&'a"ace Filter node_q <1 Filter quality_f=0 E

1 1 1 1

| I ! ! :
1 1

1 1 1 1

i Otsu i : Removeoutliers —* Eliminate systematic errors

i ] i Q

i ! ] !

1 1 1

! SWE time series [ ! | In situ water level -@-» WSE time series

1 1 1

3, I Y /

~ 4 ~, td

________________________________________________________________________________

Accuracy
evaluation

C) Repeat

Figure 2. Flowchart of the methodology developed in this study. Red, yellow, green, and blue squares
represent input data, key algorithms, important variables, and results of the data flow, respectively.
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3.2. Extracting SWE

The water index method is widely used for remote-sensing-based water body extrac-
tion. In the process of extracting SWE using Sentinel-1/2 satellite data, a 100 m buffer zone
is first constructed based on the boundary vector data of rivers and lakes. For Sentinel-1A
data, preprocessing is required, where the VV and VH polarizations in IW mode are se-
lected from the GEE cloud platform. The Refined Lee filter [43] is then applied to remove
speckle noise and grainy noise from the radar imagery. The Sentinel-1 Dual-Polarized Water
Index [44] (SDWI) (Equation (1)) is then calculated within the buffer zone. For Sentinel-2
data, to ensure the imagery is not affected by cloud cover, images with less than 20% cloud
cover are selected, followed by cloud removal. The Automatic Water Extraction Index [45]
(AWEIsh) (Equation (2)) is then calculated within the buffer zone. Finally, the Otsu [46]
method is used to automatically select the optimal threshold to extract the water bodies.
The generated water mask data are then used to filter the pixel cloud data, retaining only
the pixels located within the identified water body boundaries.

SDWI = In(10 x VV x VH) 1)

AWEIsh = Blue 4+ 2.5 x Green — 1.5 x (NIR + SWIR1) — 0.25 x SWIR2 (2)

where VV and VH denote two distinct polarization channels, Blue represents the blue
spectral band, Green corresponds to the green spectral band, NIR indicates the near-infrared
band, and SWIR1 and SWIR2 refer to shortwave infrared bands 1 and 2,

3.3. Calculation of WSE

The WSE from the SWOT satellite refers to the elevation of the inland water surface
relative to the geoid after removing tidal effects [47]. The L2_HR_RiverSP (Node) and
L2_HR_LakeSP (Obs) products directly include the WSE field, whereas the L2_HR_PIXC
product does not directly provide the WSE field. Therefore, before data processing, the
WSE must be calculated using the height field, geoid field, and several tidal fields from the
L2_HR_PIXC product. The height values in the L2_HR_PIXC product are measurements
that have undergone multiple calibrations, including instrument calibration, signal propa-
gation delay corrections (ionospheric, dry tropospheric, and wet tropospheric corrections),
and cross-calibration. However, corrections based on geophysical models have not been
applied. To calculate the WSE for the L2_HR_PIXC product, this study applies geophysical
corrections using Equation (3).

WSE = height — geoid — solid_earth_tide — load_tide — pole_tide 3)

where WSE denotes the water surface elevation relative to the geoid, height represents
the water surface height relative to the reference ellipsoid, geoid corresponds to the geoid
ellipsoid separation, solid_earth_tide indicates solid Earth tidal height, load_tide refers to
load tidal height, and pole_tide specifies pole tidal height.

3.4. Data Preprocessing for L2_HR_RiverSP and L2_HR_LakeSP

The Summary Quality Indicator for the node measurement (node_q) in the
L2_HR_RiverSP (Node) product and the Summary Quality Flag for the lake measure-
ment (quality_f) in the L2_HR_LakeSP (Obs) product are used to assess the overall data
quality. A summary quality indicator value of zero indicates high data quality, while higher
values correspond to lower data quality. This study uses the summary quality indicators to
filter the WSE data, ensuring its reliability. Specifically, for the L2 HR_RiverSP (Node) prod-
uct, the WSE values from the three nodes (node) closest to the in situ measurement station
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are selected. WSE values with lower quality (node_q > 1) are excluded, and the final WSE
value is obtained by averaging the remaining node WSE values. For the L2_HR_LakeSP
(Obs) product, only high-quality WSE measurements with a quality_f of 0 are retained.
The filtered WSE values are then compared with the trends of the 15 in situ measurement
results (Figure 3).
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Figure 3. (a—m) Comparison of water level trends between quality-screened WSE derived from
L2_HR_RiverSP (Node) or L2_HR_LakeSP (Obs) and in situ measured water levels. Orange
curves represent in situ measurements, and blue curves indicate quality-screened satellite-derived
WSE values.

3.5. Noise Removal from L2_HR_PIXC

The L2_HR_PIXC product, obtained from the SWOT satellites” KaRIn instrument
through interferometric radar measurements, provides spatial distribution, elevation, and
dynamic change information about the pixel cloud. During radar interferometric measure-
ments, the SWOT satellites is subject to the radar’s static effects, environmental interference,
and scattering anomalies, resulting in significant spatial noise in the pixel cloud, distributed
discretely on both sides (Figure 4a). These outliers can significantly affect the accuracy of
WSE inversion.

It is worth noting that the geolocation quality flag attribute (geolocation_qual) in the
L2_HR_PIXC product is used to assess the quality of the pixel cloud’s geolocation data
(including elevation, longitude, and latitude). A value of zero indicates reliable data quality,
while higher values indicate lower reliability. However, extensive experiments have shown
that some pixel cloud WSE values with larger quality flags are similar to those with quality
flags equal to zero. Selecting only data with a quality flag of zero may result in the exclusion
of a large quantity of available pixel cloud data in the study area. To avoid data loss due to
filtering, this study did not perform quality filtering on the pixel cloud.
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Figure 4. Comparison of spatial pixel cloud distributions before and after outlier filtering, and
statistical analysis of elevation characteristics. (a) Pixel cloud spatial distribution in the Han River
before outlier removal. (b) Pixel cloud spatial distribution in the Han River after outlier removal.
(c) Data distribution range of pixel clouds with and without outlier removed. Violin and box plots
represent the elevation distribution ranges, where different colors indicate individual study areas.
the red and white centerline shows the median and mean values, the whiskers denote the full range
(min and max), and box limits indicate the 25th and 75th percentiles.

Therefore, this study repeatedly employed the IQR and ASOR denoising algorithms to
identify and remove spatially uneven or anomalously dispersed points, reducing noise in
the data and enhancing the reliability and accuracy of WSE inversion from the L2_HR_PIXC
product. Specifically, outliers with a large deviation in the pixel cloud were removed using
the IQR method (Equations (4) and (5)). WSE values below the first quartile minus 1.5 times
the IQR or above the third quartile plus 1.5 times the IQR were considered outliers and
were excluded.

IQR=0Q3 - 4)
WSEgutier < Q1 — 1.5 x IQR&WSEouier > Q3 + 1.5 x IQR (5)

where the variable IQR quantifies the dispersion of the central 50% of the data points;
Q1 represents the first quartile (25th percentile), and Q3 corresponds to the third quartile
(75th percentile).
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The pixel cloud is composed of a collection of spatially discrete pixels, with significant
variation in spatial density and uneven distribution. To address this characteristic, this
study employs the ASOR method (Equation (6)), which analyzes the local spatial statistical
properties of the pixel cloud and adaptively adjusts the neighborhood scale to effectively
identify and remove outliers. This process significantly improves the precision and reliabil-
ity of the filtering. After removing the noise values, a 600 m wide range was selected for
the pixel cloud, and the WSE value for each pixel cloud was obtained by averaging within

this range.
For each p; € PointCloud :
N
di =) U(llpi—pjll <7)
j=1
K; = K(d;) (6)

i, 0; = ComputeStats(p;, K;)

Filter(p;) — Remove, ||p; — il > pi+n-o;
Keep, otherwise

where the variable p; denotes the ith point in the point cloud; r indicates the neighborhood

radius; d; is the number of points within radius r of p;; K maps d; to K; (i.e., K; is obtained

by applying the function K to d;, thereby adaptively determining the neighborhood size

parameter based on the local density 4;); y; and o; represent the local mean and standard

deviation, respectively; and # is the factor controlling the outlier threshold.

3.6. Removal of Systematic Errors

The WSE obtained directly or through calculation is converted from WGS84 ellipsoidal
height to orthometric height using the EGM2008 geoid model, while the in situ measure-
ment reference for China is based on the Huanghai Sea level datum. Due to differences in
the definition of reference surfaces between global geoid models and regional elevation
benchmarks, the elevation anomalies from the two can lead to systematic biases. In this
study, the in situ measured water levels are selected as the reference time series. Systematic
errors between the SWOT satellite-inverted water levels and the in situ measured water
level time series are corrected using Equations (7) and (8).

1 n
Ah = EZ|XZ-—WSE1-\ (7)

i=1
Y; = WSE; + Ah (8)

where: Ah denotes the systematic error; X; corresponds to the measured water level, WSE;
represents the water surface elevation relative to the geoid; Y; refers to the systematic
error-corrected water level; and n signifies the sample size.

3.7. Accuracy Assessment

This study quantitatively evaluates the accuracy of the water levels inverted by the
three SWOT satellite products using four evaluation metrics [48]: Root Mean Square
Error (RMSE), Coefficient of Determination (R?), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE). The calculation formulas for the evaluation metrics are
as follows:

(X —Y)?

R*=1- == -
=1 (Xi = X)

©)
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IR Y
RMSE = Hi;(x, Y)) (10)

1 n
MAE = — Y IXi — i (11)
i=1
1&X -
MAPE = — ! (12
n g Xl' )

where the variables X; and Y; represent the measured and observed values, respectively; X
denote the means of the measured values, respectively; and n represents the sample size.

4. Results

4.1. Accuracy Assessment and Applicability Analysis of SWOT L2_HR_RiverSP and
LakeSP Products

We compared the WSE values of the L2_HR_RiverSP (Node) and L2_HR_LakeSP (Obs)
products after quality screening with the results of the 15 in situ measurements. The results
show that there are significant differences in the characteristics of water level changes at
different sites. Among them, the WSE of Laoyingpan and Zekou, not only can reflect the
seasonal trend of the in situ observed water level more accurately (Figure 3), but also shows
a very high correlation (R? > 0.99) with it (Figure 5). For most stations, such as Sandouping,
Xiangtan, Zhuzhou, and Taihu, the WSE fluctuates greatly during certain periods of time,
and these anomalies are incorrectly classified as a “better quality” of WSE, resulting in a
low correlation with in situ data (R? < 0.8). Therefore, it is not possible to fully identify or
exclude all anomalies by quality screening alone.

It is worth noting that only 13 stations actually obtained data using this method
(Figures 3 and 5), and two in situ stations, Xiaoqiao and Liuhe, located in the Chu River
reach, failed to obtain valid water level data. The Prior River Database (PRD) used by the
SWOT mission provides high-precision river centerline and node location information for
rivers worldwide. The pixel cloud data used to support SWOT satellite observations are
spatially matched to river nodes. However, the SWORD_V16 database has not yet achieved
complete coverage of all rivers in the world, especially for small rivers less than or equal to
100 m in width. Therefore, even if the PIXC data from SWOT satellites can observe these
small rivers that are not included in the database, the lack of the corresponding centerline
and node position reference information makes it impossible to carry out effective node
mapping and pixel aggregation processing, which restricts the effective data generation of
the L2_HR_RiverSP product on these river segments.

In general, L2 HR_RiverSP and L2_HR_LakeSP can be used to quickly obtain hy-
draulic parameters of inland water bodies, and the WSE extracted in some areas has
a relatively impressive performance. At the same time, in some areas, there are some
limitations in terms of quality control and applicability.
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Figure 5. (a—m) Correlation analysis between quality-screened water levels derived from L2_HR_RiverSP
or L2_HR_LakeSP products and in situ measured water levels.

4.2. Accuracy Assessment and Applicability Analysis of SWOT L2_HR_PIXC

As L2_HR_PIXC is the base product consisting of SWOT satellite high-resolution
water surface elevation data, its data quality largely determines the accuracy and reliability
of the subsequent products such as L2_HR_RiverSP and L2_HR_LakeSP. Based on this,
L2_HR_PIXC is denoised in this paper. The results show that the scattered anomalies of
the original distribution are effectively removed, which can better reflect the changes of
water surface height with the relief of the terrain (Figure 4b), and the distribution of the
pixel cloud elevation in each region is stable and more concentrated, which effectively
improves the data quality (Figure 4c). Meanwhile, all the accuracy indexes are significantly
improved compared with L2_HR_RiverSP and L2_HR_LakeSP in each study area, which is
manifested by the further improvement of the correlation and the significant reduction of
the error and bias (Figure 6 and Table 3). In addition, more valid WSE observations can
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be obtained in a year, and the temporal resolution is significantly improved, which can
capture the seasonal changes of water level more effectively.
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Figure 6. (a—0) Correlation analysis between water levels derived from the L2_HR_PIXC product and
in situ measured water levels.

It is worth noting that the observation frequency of L2_HR_PIXC at the Sandouping
and Xiaoqiao in situ stations is relatively low compared with other stations, which have
high temporal resolution. The Sandouping in situ station is located only 1.5 km downstream
from the Three Gorges Dam, and the radar signals are easily interfered with by the stopover
effect, which leads to a large number of unrealistic spatial points in the data, significantly
increasing the probability of abnormal spatial distribution of the point cloud, and thus
decreasing the effective observation frequency. At the same time, the KaRIn on board the
SWOT satellite adopts the dual-antenna cross-track interferometry mode, and due to the
geometric constraints of the interferometric baseline configuration, an observation blind
zone of about 20 km is formed in the vicinity of the satellite Nadir, and the Xiaogiao in situ
station is located in the observation blind zone, which greatly reduces the frequency of
acquiring effective observation data.
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In summary, by effectively denoising L2_HR_PIXC, the accuracy of the water level
inversion is significantly improved compared with the WSE obtained by directly utilizing
L2_HR_RiverSP (Node) and L2_HR_LakeSP (Obs), and it has a higher temporal resolu-
tion, which demonstrates great potential in the observation of the dynamics of inland
water bodies.

Table 3. Comparison of SWOT L2_HR_RiverSP/L2_HR_LakeSP and L2_HR_PIXC products.

L2_HR_RiverSP/L2_HR_LakeSP L2_HR_PIXC
Study Area In Situ Station
R? RMSE ~ MAE  MAPE Number R? RMSE ~ MAE  MAPE  Number
Gezhouba 5# 0.815 0.29 0.22 0.34 34 0.870 0.24 0.19 0.30 39
Gezhouba Huanglinmiao 0.887 0.33 0.23 0.36 38 0.910 0.28 0.22 0.34 40
Nanjinguan 0.779 0.30 0.22 0.34 37 0.872 0.23 0.18 0.28 40
Sandoupoing —0.612 33.03 20.11 18.82 15 0.959 0.30 0.23 0.35 21
Yangtze Matouzhen 0.997 0.16 0.12 0.99 35 0.996 0.22 0.12 0.89 45
Jiujiang 0.994 0.24 0.13 1.33 38 0.999 0.10 0.08 0.64 43
Xiang River Xiangtan 0.336 1.45 0.50 1.67 37 0.959 0.21 0.14 0.43 38
Zhuzhou 0.709 1.18 0.78 2.33 24 0.895 0.47 0.31 0.96 42
Chuhe Xiaogiao — — — — — 0.909 0.19 0.13 1.82 11
Liuhe — — — — — 0.904 0.09 0.07 0.97 35
Han River Yuekou 0.923 0.56 0.39 1.37 33 0.985 0.24 0.16 0.56 40
Zekou 0.991 0.23 0.18 0.60 21 0.992 0.17 0.13 0.44 43
Yehu Yehu 0.814 0.28 0.22 0.94 26 0.886 0.26 0.21 0.9 43
Laoyingpan Laoyingpan 0.999 0.07 0.06 0.04 34 0.996 0.23 0.11 0.08 44
Taihu Taihu 0.778 0.10 0.06 1.67 36 0.929 0.06 0.04 1.13 43

The bold numbers in the table represent the superior accuracy indicators.

5. Discussion
5.1. Analysis of Accuracy Differences in Inland Water Level Retrieval Using the SWOT Satellites

The accuracy of the SWOT satellites” L2_HR_PIXC product in inversion of WSE is
significantly affected by the terrain conditions and the magnitude of the water level change.
Gezhouba Reservoir is located between canyons with steep slopes, with large terrain
undulation. At the same time, it is affected by the upstream Three Gorges Dam scheduling,
with an unstable water surface morphology, and the radar signal is more susceptible to
echo interference, resulting in a lower correlation with the measured water level, while
the Laoyingpan Reservoir, located in the same area, is able to more accurately reflect the
changes in the actual water level due to its smaller water level variation. In contrast, the
plain area is less disturbed by topography, and the RMSE and MAE of some rivers and
lakes can be below 0.1 m, which makes the overall accuracy higher and the stability greater.

5.2. L2_HR_PIXC Demonstrates Greater Application Potential

Compared with the L2_HR_RiverSP and L2_HR_LakeSP, L2_HR_PIXC not only ac-
curately inverts the WSE of inland water bodies but also reveals their spatial distribution
and heterogeneity, especially in identifying small water bodies and improving tempo-
ral resolution. With the high spatial and temporal resolution of its pixel cloud data,
L2_HR_PIXC shows greater potential for applications in areas such as water resources man-
agement [49,50] and hydrological modeling [51,52]. Specifically, in refined water resource
management, the spatial interpolation of L2_HR_PIXC data combined with multi-source
remote sensing to construct a continuous water surface elevation raster surface and the
digital elevation model (DEM) can quantify the spatial and temporal variations of lake
and reservoir water storage more accurately [53]. In the hydrological model calibration,
by comparing the spatial distribution of water level output from the model with the WSE
of L2_HR_PIXC inversion, the data assimilation technique is used to effectively reduce
the model bias and optimize the model parameters, which can significantly improve the
applicability of the model in different scenarios.
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6. Conclusions

This study analyzes and evaluates the accuracy as well as applicability of three sci-
entific data products, L2_HR_PIXC, L2_HR_RiverSP, and L2_HR_LakeSP, based on the
comparison of the water levels of the river, lake, and reservoir inversions on the MLRYR
with the measured water levels provided by SWOT satellites during the period from August
2023 to December 2024, and the results show the following;:

(1) Inresponse to spatial noise generated during the interferometric processing of the
SWOT satellite, this study proposes an innovative denoising method based on the
L2_HR_PIXC product, which combines multiple iterations of the IQR with the ASOR
technique. Experiments in eight different regions in the middle and lower reaches of
the Yangtze River show that the method can effectively remove points with uneven
spatial distribution and abnormal discrete points from the pixel cloud, so that the
distribution of pixel cloud elevation in each region is stable and more centralized,
which significantly improves the quality of pixel cloud data.

(2) Through the comprehensive analysis of the three SWOT satellite products, it is
found that, compared with the two standardized derivatives, L2 HR_RiverSP and
L2_HR_LakeSP, the noise-processed L2_HR_PIXC product shows higher accuracy,
higher correlation coefficients, and lower errors in inland water body water level
inversion. In addition, the L2_HR_PIXC data improve the temporal resolution of
water level inversion to a certain extent, which makes this product more applicable in
recognizing small water bodies.

(3) L2_HR_RiverSP and L2_HR_LakeSP can quickly obtain hydraulic parameters of in-
land water bodies, which can efficiently support the analysis of water level trends in
inland water bodies in a given region, basin or global scale; meanwhile, L2_HR_PIXC,
with the high spatial and temporal resolution of its pixel cloud data, can completely
present the two-dimensional spatial distribution characteristics of inland water bod-
ies and effectively capture details of local spatial heterogeneity such as water level
gradients, which makes it more suitable for the scientific research requiring refined
data and gives it greater application potential.

However, this experiment is limited by the scope of data collected and analyzed;
although the three SWOT satellite products were verified to be capable of monitoring
water levels in rivers and lakes in the middle and lower reaches of the Yangtze River, their
applicability to high-altitude regions (e.g., glacial lakes and glaciers on the Qinghai-Tibetan
Plateau) and wetlands remains to be explored.

With their high-precision two-dimensional water level monitoring and wide swath
coverage capability, the SWOT satellites have shown significant advantages in the field of
inland water monitoring, greatly enhancing inland water dynamic monitoring capabilities.
This resource shows great research and application potential in the precise calculation
of surface water storage, coupling of 2D hydrodynamic models, improvement of flood
simulation accuracy, optimization of river flow inversion, etc.,which provides important
data support for the promotion of global water cycle research, water disaster prevention
and control, and sustainable development of water resources.
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