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* To monitor at global scale ocean swell will improve the wind and wave forecast for marine meteorology
(including extreme events), the ocean dynamics modeling and prediction, our knowledge of climate
variability, and fundamental understandings on air-sea surface processes.

* And to monitor and map extreme events during typhoons (hurricanes) or storm surges we have to develop
the use of multiple satellite wind, wave and sea level data for forecast.

* The Dragon projects have been providing an excellent opportunity for Chinese and European ocean
research communities to utilize the spaceborne satellite remote sensing data from China, ESA and Third
Party Missions (TPM) to actively monitoring ocean swell, wind, storm surge and other relevant parameters.

* I|tis the purpose of this project to continue cutting edge research in synergistic monitoring and prediction of
ocean dynamic environment from multi-satellite data at global scale and extreme events in coastal region
and gain insight of the physical nature of these phenomena, which will lay a solid foundation as we move to

operational oceanography.
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* 1. Scientific objectives:

(1) assimilation studies of wind, waves and sea level in the context of hurricanes forecasts;

(2) the influence of swell on the studies of coastal extremes;

(3) studies of vortex Rossby waves, asymmetric TC structures, rain bands, and sub-scale circulations
by using high spatial resolution ocean wind data;

(4) analysis of relationship between the above internal dynamical processes and TC intensity changes;
(5) consistent analysis and prediction of winds, waves and storm surges in the context of hurricanes;
and

(6) consistent monitoring and prediction of ocean surface current and internal waves using multi-

source satellite data.
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* The project’s schedule, planning and contribution of the partners

The overall progress of this project will be coordinated by the two Pls: Dr. Chapron and Dr. Yang.
The obtained results will be accordingly reported at each annual symposium.

Year 1: Data preparation, methodology development;

Year 2: Data preparation, methodology development, calculation, analysis;

Year 3: Calculation, analysis, prediction, validation;

Year 4: Analysis, prediction, validation, pre-operation and demonstration.
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Results _ , ,
Ocean Surface Wind Wave Signatures in

4203111

Single-LLook Complex SAR Data

Huimin Li*~, Bertrand Chapron™,

Alexis Mouche ™, Chen Wang ™,

Wenming Lin™, Senior Member, IEEE, and Yijun He™, Member, IEEE

Abstract— Spaceborne synthetic aperture radar (SAR) pro-
vides high-resolution sea surface observations to characterize
oceanic and atmospheric variability at submesoscales. Despite
significant progress in retrieving wind fields from SAR images,
challenges remain particularly for single-antenna measure-
ments where wind speed inversion often requires an external
wind direction input. This study introduces and evaluates the
use of directional features derived from SAR image sublook
cross-spectra to improve wind retrieval. Specifically, we explore
the imaginary part of SAR mean cross-spectra (IMACS) and
its differential counterpart, AIMACS, which capture directional
signatures of range-traveling intermediate wind waves. Using
systematically collocated Sentinel-1A wave mode SAR images and
model winds, we demonstrate that IMACS exhibits a cosine-like
dependence on wind direction at given wind speeds at two
incidence angles, while AIMACS reveals unique sensitivities that
complement radar backscattering and can resolve wind direction
ambiguities. A novel cost function combining radar backscatter-
ing, IMACS, and AIMACS is proposed to retrieve wind vectors
directly from SAR data without external wind direction inputs.
The proposed scheme is evaluated through comparisons with
independent model outputs and buoy measurements, showing
improved performance. These findings highlight the potential of
IMACS and AIMACS to enhance self-sufficient wind inversion,
offering a promising pathway for single-polarized SAR wind
retrieval.

Meteorological Organization [1]. This parameter plays signif-
icant roles in meteorology, oceanography, climate, and marine
industry, among others. For instance, the sea surface wind
vector is a fundamental variable in parameterizing the local
air—sea interaction through the surface fluxes of momentum,
heat, and moisture exchange [2]. Observations are keys to
characterize the spatiotemporal wind patterns across different
scales. Though accurate, in situ measurements are typically
restricted to fixed and sparse locations over the vast ocean
basins [3]. In the meantime, spaceborne remote sensing has
become the primary source of global wind observations on a
routine basis [4].

Microwave instruments are widely employed sensors for
sea surface wind monitoring over the open ocean. Among
these, active radars measure the reflected backscatter, known
as the normalized radar cross section (NRCS) that is highly
related to the wind-induced roughness at sea surface [5].
Wind inversion from radar signal requires first establishing
an empirical relation between NRCS and the wind vector,
termed the geophysical model function (GMF) [6]. Each GMF
is tailored to a specific radar frequency and polarization at
various incidence angles that can be applied to different spatial
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Fig. 4. LUT of (a) IMACS and (b) AIMACS versus the relative wind
direction at four wind speeds.
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Fig. 5. Demonstration of the individual and combined contribution of the
terms in the cost function [see (3)] relative to the wind components for
(a) NRCS. (b) IMACS. (¢) AIMACS. (d) NRCS + IMACS. (e) NRCS +
AIMACS. (f) NRCS + IMACS + AIMACS. A true wind speed of 8 m/s
and a relative wind direction of 45° clockwise from the flight azimuth are
assumed. The gray shades denote the cost function magnitude with darker
corresponding to lower values. The rectangle in red marks the true wind
vector, and the “+” denotes the wind solution in terms of the local minimum
value of the formulated cost function.
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NRCS Recalibration and Wind Speed Retrieval for SWOT KaRIn
Radar Data

1,2,3,%

Lin Ren , Xiao Dong 4, Limin Cui ?, Jingsong Yang 1*(, Yi Zhang ?, Peng Chen !, Gang Zheng !>
and Lizhang Zhou ! Abstract: In this study, wind speed sensitivity and calibration bias were first determined for Surface
Water and Ocean Topography (SWOT) satellite Ka-band Radar Interferometer (KaRIn) Normalized

State Key Laboratory of Satellite Ocean Environment Dynan Radar Backscatter Cross Section (NRCS) data at VV and HH polarizations. Here, the calibration bias

of Natural Resources, Hangzhou 310012, China; jsyang@sio. . . . . .

zhenggang@sio.org.cn (G.Z.); zhoulz@sio.org.cn (L.Z.) was estimated by comparing the KaRIn NRCS with collocated simulations from a model developed

Key Laboratory of Space Ocean Remote Sensing and Applic ;5ing Global Precipitation Measurement (GPM) satellite Dual-frequency Precipitation Radar (DPR)

Beijing 100081, China; cuilimin@mail.nsoas.org.cn (L.C.); zh . . . . . .

3 Southern Marine Science and Engineering Guangdong Labc data. To recalibrate the bias, the correlation coefficient between the KaRIn data and the simulations

National Space Science Center, Chinese Academy of Science (a4 egtimated, and the data with the corresponding top 10% correlation coefficients were used to

*  Correspondence: renlin210@sio.org.cn; Tel.: +86-571-8196-31 . . . . . .
estimate the recalibration coefficients. After recalibration, a Ka-band NRCS model was developed|
from the KaRIn data to retrieve ocean surface wind speeds. Finally, wind speed retrievals were
evaluated using the collocated European Center for Medium-Range Weather Forecasts (ECMWF)
reanalysis winds, Haiyang-2C scatterometer (HY2C-SCAT) winds and National Data Buoy Center
(NDBC) and Tropical Atmosphere Ocean (TAO) buoy winds. Evaluation results show that the Root
Mean Square Error (RMSE) at both polarizations is less than 1.52 m/s, 1.34 m/s and 1.57 m/s,
respectively, when compared to ECMWE, HY2C-SCAT and buoy collocated winds. Moreover, both
the bias and RMSE were constant with the incidence angles and polarizations. This indicates that
the winds from the SWOT KaRIn data are capable of correcting the sea state bias for sea surface

height products.



From 2023-09-06 to 2023-11-21
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Figure 1. Location map for SWOT KaRIn data and collocated HY2C-SCAT, NDBC buoy and TAO
buoy wind data. Here, the red points indicate positions of collocations for KaRIn and HY2C-SCAT
data. The green plus signs indicate the NDBC buoy positions. The blue multiple signs indicate the
TAO buoy positions. The period for KaRIn data is from 6 September 2023 to 21 November 2023.
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3/9 Evaluation and deep learning-based calibration of nearshore sea surface wind
speeds from FY-3E GNOS-Il and TIANMU missions

Xinhai Han(?®, Xiaohui Li(9®, Jingsong Yang (»*"<, Wei Tao®, Guogi Han¢, Jiuke Wang, Yigi Wang®,
Qinghua Bao?, Lin Chen" and Weigiang Li"

aSchool of Oceanography, Shanghai Jiao Tong University, Shanghai, China; "State Key Laboratory of Satellite Ocean Environment
Dynamics, Second Institute of Oceanography, Ministry of Natural Resources, Hangzhou, China; “Southern Marine Science and Engineering
Guangdong Laboratory (Zhuhai), Zhuhai, China; 4School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong
University, Shanghai, China; ¢Fisheries and Oceans Canada, Institute of Ocean Sciences, Sidney, Canada; School of Artificial Intelligence,
Sun Yat-sen University, Zhuhai, China; 9Aerospace New Generation Communications Co., Ltd., Chongqing, China; "Aerospace Tianmu
(Chongging) Satellite Science and Technology Co., Ltd., Chonggqing, China; 'Institute of Space Sciences (ICE, CSIC, Barcelona, Spain; /Institut
d’Estudis Espacials de Catalunya (IEEC), Barcelona, Spain

ABSTRACT ARTICLE HISTORY

This study evaluates and calibrates wind products derived from Global Navigation Satellite Received 6 June 2024
System Reflectometry (GNSS-R) using data from the FengYun-3E (FY-3E) global navigation Accepted 6 December 2024
satellite system occultation sounder Il (GNOS-II) and TIANMU missions. The research highlights

0 ¢ - . . KEYWORDS
the significance of remote sensing for the accurate measurement of sea surface wind speeds in FengYun-3E (FY-3E);
nearshore areas, which are crucial for environmental monitoring and climate studies. Initial TIANMU; Global Navigation
comparisons with National Data Buoy Center (NDBC) measurements revealed root - mean - Satellite System

square errors (RMSE) of 2.49 m/s for FY-3E GNOS-II Beidou navigation satellite system (BDS) Reflectometry (GNSS-R); sea
signals and 2.13 m/s for global positioning system (GPS) signals. For the TIANMU mission, the surface wind speed;
RMSE values were 3.21 m/s for BDS, 3.13 m/s for GPS, 2.91 m/s for GLONASS (GLO), and 2.91 m/s nearshore; deep learning
for Galileo (GAL) signals. To improve accuracy, especially in the complex nearshore environ-

ments, a deep learning calibration model incorporating residual blocks was employed. This

model significantly enhanced the performance compared to a basic neural network. An

ablation study confirmed that including residual blocks reduced RMSE by over 20% across all

signal types. The calibrated model achieved substantial accuracy improvements in the test set,

reducing RMSE to 1.03 m/s for FY BDS (improvement of 60%), 0.99 m/s for FY GPS (improve-

ment of 54%), 1.57 m/s (improvement of 51%), 1.36 m/s for TITANMU GPS (57% improvement),

1.26 m/s for TIANMU GLO (improvement of 56%), and 1.50 m/s for TANMU GAL (improvement

47%).
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comprising 8 variables is formed. All residual blocks facilitate residual connections, with the first residual block performing
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ransfer Learning-Based Generative Adversarial
Network Model for Tropical Cyclone Wind
Speed Reconstruction From SAR Images

Xiaohui Li*~, Xinhai Han™, Jingsong Yang", Jiuke Wang, and Guoqi Han

Abstract— Synthetic aperture radar (SAR) plays a crucial
role in monitoring the fine structure of tropical cyclones, but
its effectiveness is constrained by limitations such as signal
degradation and saturation. To address this challenge, we pro-
posed a transfer learning-based generative adversarial network
(GAN) framework with a dilated convolution and attention
mechanism for reconstructing inner-core high winds from SAR
images. We have employed the principles of transfer learning to
adapt pretrained models developed by the Hurricane Weather
Research and Forecasting (HWRF) model winds to SAR images
during tropical cyclone events for reconstruction. The proposed
model can effectively capture the relationship between features
in the low-precision areas and global features from SAR images,
facilitating tropical cyclone wind speed reconstruction. The
utilization of Global Precipitation Measurement (GPM) Level
3 rainfall data facilitates the identification of rainfall regions
in 89 SAR images obtained from Radarsat-2 and Sentinel-
1A/B missions. Comparison with stepped frequency microwave
radiometer (SFMR) data reveals that the model exhibits a bias
of —0.69 m/s, a root-mean-square error (RMSE) of 4.08 m/s, and
an R value of 0.91 under heavy rainfall conditions (>7.62 mm/h).
Remarkably, the GAN model exhibits excellent performance com-
pared with measurements from the soil moisture active passive
(SMAP) L-band radiometer, achieving an RMSE of 3.78 m/s.
Our findings indicate that deep learning (DL) technology holds
significant promise for the reconstruction and monitoring of
tropical cyclones through the utilization of SAR imagery.

Index Terms— Generative adversarial network (GAN),
machine learning, synthetic aperture radar (SAR), transfer
learning, tropical cyclone, winds reconstruction.

I. INTRODUCTION

ROPICAL cyclones, also known as warm-core cyclones,

are considered one of the most dangerous natural dis-
asters on Earth due to their potential for widespread damage
through strong winds, heavy rainfall, and storm surges, leading
to loss of life, property damage, and economic disruption [1],
[2], [3], [4]. The structure of a tropical cyclone includes
the peripheral area, the maximum wind speed area, and the
cyclone eye. Understanding the inner-core structure might
lead to a better prediction of tropical cyclone intensity.
Detailed knowledge of wind speeds within tropical cyclones is
indispensable for accurately predicting the cyclone’s potential
strength.

Satellite radar imaging from synthetic aperture radar (SAR)
is a remote sensing technology that can capture the fine struc-
tures of tropical cyclones due to its high resolution [5], [6].
To date, the spaceborne SAR satellites that have been launched
include the first generation of ERS1/2, ENVISAT-ASAR, and
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A Generative Adversarial Network with an Attention Spatiotemporal
Mechanism for Tropical Cyclone Forecasts™

Xiaohui LI', Xinhai HANZ!, Jingsong YANG'!-23, Jiuke WANG™+#, Guoqi HAN?,
Jun DING?®, Hui SHEN®, and Jun YAN?®

ISatellite Ocean Environment Dynamics, Second Institute of Oceanography, Ministry of Natural Resources,

Hangzhou 310012, China
2School of Oceanography, Shanghai Jiao Tong Universi
3Southern Marine Science and Engineering Guangdong Laborat:
4School of Artificial Intelligence, Sun Yat-sen Universi
SFisheries and Oceans Canada, Institute of Ocean Scienc

©Zhejiang Marine Monitoring and Forecasting Center,

(Received 28 September 2023; revised 4 June 2024;

ABSTRACT

Tropical cyclones (TCs) are complex and powerful weather systems, and accurately forecasting their path, structure,
and intensity remains a critical focus and challenge in meteorological research. In this paper, we propose an Attention
Spatio-Temporal predictive Generative Adversarial Network (AST-GAN) model for predicting the temporal and spatial
distribution of TCs. The model forecasts the spatial distribution of TC wind speeds for the next 15 hours at 3-hour intervals,
emphasizing the cyclone’s center, high wind-speed areas, and its asymmetric structure. To effectively capture
spatiotemporal feature transfer at different time steps, we employ a channel attention mechanism for feature selection,
enhancing model performance and reducing parameter redundancy. We utilized High-Resolution Weather Research and
Forecasting (HWRF) data to train our model, allowing it to assimilate a wide range of TC motion patterns. The model is
versatile and can be applied to various complex scenarios, such as multiple TCs moving simultaneously or TCs
approaching landfall. Our proposed model demonstrates superior forecasting performance, achieving a root-mean-square
error (RMSE) of 0.71 m s~! for overall wind speed and 2.74 m s~! for maximum wind speed when benchmarked against
ground truth data from HWRF. Furthermore, the model underwent optimization and independent testing using ERAS
reanalysis data, showcasing its stability and scalability. After fine-tuning on the ERAS dataset, the model achieved an
RMSE of 1.33 m s~! for wind speed and 1.75 m s~! for maximum wind speed. The AST-GAN model outperforms other
state-of-the-art models in RMSE on both the HWRF and ERAS datasets, maintaining its superior performance and
demonstrating its effectiveness for spatiotemporal prediction of TCs.
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Multi-station water level forecasting using advanced graph convolutional
networks with adversarial learning

Xinhai Han(2®, Xiaohui Li(®®, Jingsong Yang (»*°<, Jiuke Wang?, Guogi Han®, Jun Ding’, Hui Shen, Jun Yanf

and Dake Chen@b<

aSchool of Oceanography, Shanghai Jiao Tong University, Shanghai, China; PState Key Laboratory of Satellite Ocean Environment
Dynamics, Second Institute of Oceanography, Ministry of Natural Resources, Hangzhou, China; <Southern Marine Science and Engineering
Guangdong Laboratory (Zhuhai), Zhuhai, China; 9School of Artificial Intelligence, Sun Yat-sen University, Zhuhai, China; ¢Fisheries and
Oceans Canada, Institute of Ocean Sciences, Sidney, Canada; Zhejiang Marine Monitoring and Forecasting Center, Hangzhou, China

ABSTRACT ARTICLE HISTORY

This paper presents an advanced graph convolutional network model, enhanced with Received 23 May 2024
Wasserstein distance-based adversarial learning (WD-ACGN), addressing the limitations of Accepted 22 January 2025
existing single-station and less explored multi-station water level forecasting approaches. KEYWORDS

The model features a novel coupled module for effectively capturing short and long-term Water level: multi-station

dependencies, and a hybrid distance-based adaptive graph learning approach for spatial forecast; deep learning;
dependencies. This spatial dependency analysis enables rapid deployment in different coastal graph convolutional
settings. Adversarial learning with gradient penalty further refines the model’s performance. networks

Our model, applied to datasets from China’s Zhejiang coast and Daya Bay, outperforms base-
lines with a notable 12-h average root mean square error of 6.77 cm at 16 Zhejiang stations,
proving its efficacy in varied maritime environments. Ablation studies validate the contribution
of each model component, highlighting their collective impact on overall efficacy. Notably, the
model showcases robustness in tropical cyclone scenarios and reliable results when tested with
real-world observational data, underlining its potential for versatile applications in ocean
engineering.
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Figure 1. Diagram of the WD-ACGN architecture. Within the coupled module, multi-parameter input data undergoes SLTD
extraction. Spatial dependencies are then ascertained through HDA graph learning. Subsequent results are optimized by the
discriminator to minimize the WD distance relative to associated labels. Dashed lines indicate the direction of gradient flow.
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Ocean internal waves (IWs) are widespread submesoscale dynamical phenomenain oceans, and they have
important impacts on energy transfer, nutrient transport, and human activities. In this study, Sentinel-1
synthetic aperture radar (SAR) images from 2014 to 2023 were collected to construct aglobal IW dataset
(S1-IW-2023) through a series of optimized data processing. S1-1W-2023 was constructed to address the
issue of insufficient data and lack of variation in the deep learning IW datasets; it can be used in IW studies
using deep learning methods to enhance model generalizability and robustness. Moreover, considering
the limitations of existing convolutional neural network (CNN)-based IW detection models in handling
complex interferences in SAR images, resulting in frequent false positives, false negatives, or inaccurate
bounding box positioning, we employed transfer learning to train a Transformer-based hierarchical |W
RESEARCH ARTICLE detector, IWD-Net, that extracts features via Swin Transformer and fuses the visual, semantic, and
Transformer-Based Hierarchical Multiscale contextual features of IWs via a multiscale feature fusion network. Experimental results demonstrated

the effectiveness of applying Transformer concepts to IW detection for addressing complexinterferences.
Feature Fusion Internal Wave Detection This study provides an efficient and stable new method for extracting IW features from massive SAR data
and Dataset and lays the foundation for applying Transformer concepts to detect IWs in SAR images.

Ocean-Land-Atmosphere Research

A SCIENCE PARTNER JOURNAL

Zetai Ma'?, Longyu Huang'?, Jingsong Yang“%*", Lin Ren?>, Xiaohui Li?,
Shuangyan He', Bingging Liu®, and Antony K. Liu® Ma Z, Yang J. (2024). S1-IW-2023 dataset (ocean

internal wave dataset) [dataset]. Zenodo.

'Ocean College, Zhejiang University, Zhoushan 316021, China. “State Key Laboratory of Satellite Ocean .
https://doi.org/10.5281/zenodo.11090328.

Environment Dynamics, Second Institute of Oceanography, Ministry of Natural Resources, Hangzhou
310012, China. *Southern Marine Science and Engineering Guangdong Laboratory (Zhuhai), Zhuhai
519082, China. “School of Geosciences, University of Louisiana at Lafayette, Lafayette, LA 70504, USA.
°NASA Goddard Space Flight Center, Greenbelt, MD 20771, USA.



Download raw data Bit depth conversion ormalization of p

Do ample age compieuo = dge




Progress in Oceanography == @ eSa

journal homepage: www.elsevier.com/locate/pocean S— * THE EUROPEAN SPACE AGENCY

Generation of diurnal internal solitary waves (ISW-D) in the Sulu Sea: From
geostationary orbit satellites and numerical simulations

Longyu Huang *°, Jingsong Yang *>%", Zetai Ma *", Bingqing Liu ¢, Lin Ren "<,
Antony K. Liu ¢, Peng Chen"

2 Ocean College, Zhejiang University, Zhoushan, 316021, Zhejiang, China

b State Key Laboratory of Satellite Ocean Environment Dynamics, Second Institute of Oceanography, Ministry of Natural
Resources, Hangzhou, 310012, Zhejiang, China

¢ Southern Marine Science and Engineering Guangdong Laboratory (Zhuhai), Zhuhai, 519082, Guangdong, China
dSchool of Geosciences, University of Louisiana at Lafayette, Lafayette, 70504, LA, USA

¢ NASA Goddard Space Flight Center, Greenbelt, 20771, MD, USA

ARTICLE INFO ABSTRACT

Keywords: Our recent study reported the existence of internal solitary waves with the diurnal tidal cycle (ISW-D) in the
Internal solitary waves Sulu Sea, however, the three-dimensional characteristics and generation mechanism of ISW-D are still unclear
Sulu Sea

(Huang et al., 2023). In this work, the spatial-temporal characteristics, generation mechanism and propagating
process of ISW-D in the Sulu Sea are first preliminary investigated based on high-temporal-resolution
Geostationary Orbiting Satellite (GOS) images and high-spatial-resolution two-dimensional numerical model
(MITgem). GOS images from 2018-2022 are retrieved and a total of 13 pairs of ISW-D packets are found.
ISW-D occur at spring tide during May-August, with an average interpacket distance of 198 km and a phase
speed of 2.30 m/s. To further knowledge of the generation mechanism and propagation process of ISW-D, the
non-linear and non-hydrostatic numerical simulations are conducted. The comparison of ISW-D parameters
with GOS images proves the validity of numerical simulations. The results of numerical simulations and
theoretical parameters indicate that ISW-D are generated at the sill near Pearl Bank by internal tide release
mechanism. Moreover, three sensitivity experiments are designed to investigate the effects of tidal force and
seawater stratification on the generation and propagation of ISW-D. The results reveal that the ISW-D is
generated by diurnal tides with stronger intensity than semidiurnal tides. Seawater stratification does not
influence the generation of ISW-D but modulates the propagation process. Phase speeds from GOS images and
theoretical model show a positive correlation between the phase speeds of ISW-D and the intensity of seawater
stratification.

Geostationary orbit satellites
Numerical simulation
Diurnal tides
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Fig. 9. (a) Hovmoller diagram of the temperature at 140 m depth. The solid black curve indicates the tidal current amplitude at sill A (rightward positive), and the dashed gray
line represents the tidal current velocity of 0. The black dashed line depicts the propagation of IW in Fig. 8. (b) The bottom topography input in E-STD. (c¢) Values of G°. The
colors correspond to the locations labeled by triangles in (b).
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Real and long-time predicting the trajectories of internal solitary waves:
Case studies in the Sulu Sea

Longyu Huang ©'®", Jingsong Yang ' >®%4* Lin Ren®¢, Zetai Ma®", Yu Chai"'>‘, Peng Chen",
Shuangyan He?, Bingqing Liu®, Antony K. Liu’

3 Ocean College, Zhejiang University, Zhoushan, 316021, Zhejiang, China

b State Key Laboratory of Satellite Ocean Environment Dynamics, Second Institute of Oceanography, Ministry of Natural Resources, Hangzhou, 310012, Zhejiang, China
¢ Southern Marine Science and Engineering Guangdong Laboratory (Zhuhai), Zhuhai, 519082, Guangdong, China

d School of Oceanography, Shanghai Jiao Tong University, Shanghai, 200030, Shanghai, China

€ School of Geosciences, University of Louisiana at Lafayette, Lafayette, 70504, LA, USA

fNASA Goddard Space Flight Center, Greenbelt, 20771, MD, USA

ARTICLE INFO ABSTRACT
Keywords: The propagation of internal solitary waves (ISWs) carries the tremendous amounts of energy threatening the
Internal solitary waves human ocean engineering activities. Thus, it is necessary to develop an effective model to predict the trajectories

Trajectory prediction

Sulu Sea

Geostationary orbit satellites
Deep learning

of ISWs. In this study, a real and long-time prediction scheme for ISWs trajectory is proposed based on satellite
remote sensing and deep learning technologies. First, we develop a purely data-driven model based on recurrent
neural network for predicting the trajectories of ISWs (ISW-PRED). Only the location information of the initial
ISWs is required to achieve the precise prediction of ISWs. Then, the ISWs trajectories in the Sulu Sea are contin-

. uously 4-h tracked every 10 min by two tandem satellites to train the deep learning model. Compared to satellite
Huang L’ Yang J (2025)' Four-hour satellite- observations, the mean absolute position error (MAPE) of the model is 1.87 km for single-iteration prediction

observation data for internal SOlital‘y waves (30min). For the long-term prediction, the MAPE are 4.43, 6.40, 7.23 and 5.18km for the propagation after

. one semidiurnal tidal cycle, two semidiurnal tidal cycles, one diurnal tidal cycle and 24 h, respectively. When
(ISWS) in the Sulu Sea [Data Set] . Ocean compared with numerical model, our model shows the better performance and robustness, which further proves
Englneerlng. Zenodo. the ability to predict the ISWs trajectories in long-term propagation. Overall, our scheme combining continu-
http s://doi.or g /10.5281/zenodo.15400378 ous observed ISWs data from GOS with deep learning techniques is demonstrated promising in the trajectory

prediction of ISWs.
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Fig. 2. (a) The schematics of full-disk imaging mode of FY-4A (green) and GK-2A (orange). (b) The GOS images during 02:00-06:00, April 17, 2022 (UTC), and the
colorful curves show the ISWs of three packets. (¢) The water depth distribution in the Sulu Sea, with the superimposed black curves showing the ISWs that meet
the conditions for continuous 4 h observations, totalling 64 wave packets. The purple and brown dashed lines show the propagating directions of ISW-W and ISW-E,
respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Evaluating and comparing ASCAT and Sentinel-1 SAR winds

against NDBC buoys

Yihong Chenl, He Wang!", Xiaogi Huang?, lianhua Zhul, lingsong Yang?, Roman Husson® and Bertrand Chapron®
Mational Dcean Technalogy Center, China
Baand Institute of Doeanagraphy, China
Collecte Localisation Satellites, France
“IFREMER, France
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This shudy assesses and compares the accuracy of the widely used cosan wind
szl products from bea Ewopaan C-band spacsbems mdas MalDp-AE Advancmi
Satmromeler (ASCAT] and SentnebiA8 syethelic aperure mdar (S8R)
Inierfferomeiric Wide {IW] mode. Two pears (2018 = 2020} SARRSCAT winds ane
validated agaisal tha ground indh fom the cffsfhors'carilal mesondlogcal Buoys of
Matioral Cata Buoy Cenler, Winds from radars and buoys are comiderss spatisihy
malchad i the buagy is Iocatod within he salelie wind <o, wit & Gme dhoermnc imibed
I 30 min, To esaksain SARTASCAT winds againsl Ducys in the same Tameark. we
use 43 ofshore buoy sialions as common relerence, and then validate hem al
comparable spatial resclution [25 k). Intercomparison resulis show thal ASCAT winds
mxfib i higher poouracy sl with sool mesn squaes error (RMSE ) of (002 mis (21,717 )
in werms of the wind spesd {drsclion). Regardng the Santined-1 54K, ofshore wind
sipriaid (ehnalion ) data Sownaampked 1 25 km prasant an RMIE of 103 més (27487 )
showing wwry bitle changs companed o0 1 km products orginaly povded by ESA
Furthenmons, wind acouracy degradss for Seniinet1 SAR ot bol 1 kmoand 25 om
rasokdionm wihen validaled againal corilal buoys, whan ASCAT windi & usualy
unavaiable. n general, our resuls demonsirale tat the Sentinekl wnds ae B
accurate as AECAT in open ooean, while the performance of coastal AR winds could
B furisr improsad, Tris finding could B heiplul Tor Dsitar asploding synangies in
ooz wind datasets fom fhess two spacebome radars.

Ooean sufame winds moniloning relies on remote sensing lechnokgy tor globa
cawnrage, wham ASCAT and SAR comphamant asch clhar in afahom and coasial wird
muassuremenls. mating tham idesl for data Tusion Howsver e comsisiancy of
accuracy bobeesn ASCAT and Sentinel-1 has not baen syshematicaly compared.

Thiz study addressss this oriical gan feough & unibied valldation Famesark using
MHOBC busy nitearks. Dur indngs astablish Lndamenal understanding for synangiste
uss of thess dalszats in both offshore and coastal agimes

Thi chjgctes ol B slaly @ o compan e acouracy of ASCAT and Sentine-1 B4R
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1] 10 m equivalent rewtral winds converson

To faditabe companson with ASCAT and Sentingl? SAR wind dala, ooy wnd
apianda Ane converiad 10 aquivalant naulal winds al & haghl of 10 mebess, acceuniivg
for varistions in the ansmomeler heights acrose difersnt buoys. in this work, the
conversion were performed using the Coupled Ooean-Almosphere Response
Espariman (COARE) buk algosithem (varsen 30 dimbapsad by Fairall al al (2003

(21 Evaluatian index
In T inlarcarmpanaon of ASCAT ard SAR with huay wind fakd dala, wae calculaie
bias and Foot Mean Sguane Emor (RMEE) as follows:
Tl — 2
L

Higs = —

EMEE

whare ¥, mpresents tha sateliie-derved wind esimates and @, mpRsents e in st
wired reconds.

FComparmon resuls show SSCAT wnd products exhibl hgher scousacy than Senlinel-1
EAR, regardiess of whelhesr e resoluBion of SAR s 1 kmor 25 km.

wTha ewaluation msults indicate tat meducing the resclution of SAR wind data has an
nggniicant allecl an the accuracy

= Thage ndings raicaln el ASCAT wind product gerscally anhisi bigher acoaracy,
Howewer, compansons with ooastal buoys highighl thal 5AR has the polential 1o offer
detaiiad inshom obsanvations. paticulary inwind direcion, requines refinemant.

=Moving forward, fulure work wil focus on deeekoping algorthms for the joint use of
ASCAT ard Sanlirel1 SAR wind produds fo further echanoe their chesmnvaliornl
capabilties and precision.

[ H. Wang J. Yang, &. Mowhe of al, "GF-3 SAF oozan wind raivosal The fesl vies and
preimingTy assessment,” Remole Sansng. vl 2, o, 7, pp. B84, 2T,

2] B Busia, & Chideabomy, A Parebds ol @, "Evauaisn o Ofaema-3.0
Winds Using Otsenaiions Feom Global Buoys and Other Scatieromaiens.”
Beoscience and Ramols Sansing ol 51, mo. 3, pp. 2571-257G, 2013

(3] 1. ¥ieag, J. Bhi ¥ Lis @i o, "Evaklsadon of .24 Soatemomeber Wind Yecions Using Data from
Buowe. ERA-Infarim and ASCAT during 2011 2-2004. " Remode Seneing, B, ZHE]

(] HL Wiasg, J. P, M. Lis ol al, Easloabng Chiass HY-2B HECAT Oosan 'Wind Preducts Using
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Poster title Contr.lbutlon including
period of research
Yihong Chen National Ocean Technology Center, Evaluating and comparing ASCAT and Data analysis
MNR Sentinel-1 SAR winds against NDBC buoys
Lizhang Zhou  State Key Laboratory of Satellite Ocean Winds & waves

Environment Dynamics, Second Institute
of Oceanography, MNR

Xinhai Han Shanghai Jiao Tong University Typhoon & water lever
State Key Laboratory of Satellite Ocean
Environment Dynamics, Second Institute
of Oceanography, MNR

Longyu Huang Zhejiang University Internal waves
State Key Laboratory of Satellite Ocean
Environment Dynamics, Second Institute
of Oceanography, MNR

Zetai Ma Zhejiang Univercity Internal wave detection
State Key Laboratory of Satellite Ocean
Environment Dynamics, Second Institute
of Oceanography, MNR
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