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Abstract 
GNSS Reflectometry (GNSS-R) technology utilizes existing navigation satel-
lite signals as opportunistic microwave illumination sources, eliminating the 
need for dedicated transmitters and thereby significantly reducing hardware 
costs. Benefiting from the global coverage of navigation constellations, GNSS-R 
enables worldwide sea surface wind monitoring with superior spatiotemporal 
resolution. The acquired Delay-Doppler Maps (DDMs) encode sea surface 
roughness characteristics near the specular reflection point, which are intrinsi-
cally modulated by wind-driven capillary waves. We proposed CyGNSSMsa 
employs CyGNSSnet’s dual-branch framework for preliminary feature extrac-
tion from DDM and auxiliary parameters, followed by multihead self-atten-
tion (MSA) mechanisms to decipher long-range dependencies within fused fea-
ture representations. Multi-scale feature fusion is achieved through residual 
connections across hierarchical network layers, culminating in precise wind 
speed regression via multilayer perceptrons. Experimental validation demon-
strates CyGNSSMsa’s performance with an RMSE of 1.345 m/s, achieving sim-
ultaneous improvements in both accuracy and systematic bias mitigation. 
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1. Introduction 

Sea surface wind speed (SSWS), as a pivotal parameter in oceanographic research, 
governs sea surface roughness through air-sea interactions and modulates marine 
dynamic processes. Accurate SSWS monitoring holds critical operational value 
for maritime navigation, fisheries management, and disaster mitigation, yet con-
ventional in-situ measurements from buoys and coastal stations suffer from spa-
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tial coverage constraints that hinder large-scale maritime applications. Although 
satellite-based remote sensing technologies (e.g., microwave radiometers and syn-
thetic aperture radar) have enabled synoptic wind field observations, their opera-
tional implementation faces dual challenges: prohibitive costs in maintaining dense 
satellite constellations and inherent limitations in temporal revisit frequency and 
spatial coverage continuity, particularly compromising monitoring effectiveness 
in critical sea areas. 

The comprehensive constellation deployment of Global Navigation Satellite 
Systems (GNSS), encompassing the American GPS, Russian GLONASS, European 
Galileo, and Chinese BDS systems, has collectively established a global, all-weather 
microwave signal network. GNSS-transmitted L-band navigation signals function 
as ubiquitous and cost-free microwave sources, characterized by strong atmos-
pheric penetration capability with minimal attenuation from clouds, rain, or snow, 
thereby enabling persistent observational capabilities under diverse weather con-
ditions. Unlike synthetic aperture radar (SAR) requiring active electromagnetic 
emission, GNSS reflectometry (GNSS-R) exploits passively reflected L-band sig-
nals from the sea surface, effectively repurposing navigation satellites as bistatic 
remote sensing transmitters. This innovative approach has catalyzed extensive ap-
plications in Earth observation, including but not limited to sea surface wind speed 
retrieval, altimetry, sea ice thickness quantification, marine oil spill monitoring, 
and soil moisture inversion. 

The scattering of GNSS signals over the sea surface induces measurable modu-
lations in signal power, time delay, and Doppler shift, which exhibit intrinsic cor-
relations with sea surface roughness. Given the stable transmission power of GNSS 
signals and the quasi-constant dielectric properties of seawater, DDM variations 
are predominantly governed by wind-driven alterations in sea surface roughness, 
thereby establishing a robust physical foundation for high-precision wind speed 
inversion. Systematic decoding of scattering signatures embedded in Delay-Dop-
pler Maps (DDMs) enables the development of quantitative inversion models linking 
sea surface roughness parameters to wind speed magnitudes, achieved through 
advanced feature extraction algorithms and electromagnetic scattering theory. 

Substantial scholarly efforts have validated the feasibility of sea surface wind 
speed (SSWS) retrieval using Delay-Doppler Maps (DDMs). Research on DDM-
based SSWS inversion has evolved into two distinct methodological frameworks: 
feature engineering and data-driven approaches. Early-stage investigations fo-
cused on DDM feature extraction and empirical model formulation: Clarizia et al. 
[1] pioneered the development of Geophysical Model Functions (GMFs) incorpo-
rating leading edge slope (LES) and normalized bistatic radar cross section (NBRCS) 
parameters, coupled with Minimum Variance Estimators (MVEs) for wind speed 
retrieval, which established the foundational framework for feature-driven meth-
odologies. Subsequent advancements introduced geometric correction factors in-
cluding incidence angle calibration and range-compensated gain (RCG) adjust-
ments [2]-[4], achieving root mean square error (RMSE) optimization to the 2.0 
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m/s level, marking significant progress in precision. 
The integration of deep learning with remote sensing technologies has revolution-

ized data-driven methodologies, where end-to-end feature learning substantially en-
hances model representation capabilities. Liu et al. [5] achieved a breakthrough in 
wind speed retrieval (RMSE = 1.79 m/s) by employing Multilayer Perceptron (MLP) 
to synergistically fuse DDM-derived parameters (mean power, LES) with observa-
tional geometry parameters (incidence angle). Subsequent innovations by As-
garimehr, Liu, and collaborators [6] [7] further expanded the feature space through 
the incorporation of auxiliary parameters such as antenna gain patterns and satellite 
attitude data, while pioneering neural network architectures to autonomously extract 
latent features from raw DDM observations, thereby advancing inversion accuracy. 

Cross-domain model migration from computer vision and natural language 
processing has opened new frontiers for GNSS-R wind speed retrieval. Asgarimehr 
et al. [8] developed CyGNSSnet, a dual-branch heterogeneous network architec-
ture, where a convolutional neural network (CNN) branch extracts local spatio-
temporal features from DDM delay-Doppler domains while a parallel fully-con-
nected branch integrates auxiliary parameters (signal-to-noise ratio, incidence an-
gle), achieving an RMSE of 1.36 m/s. Subsequently, Guo et al. [9] enhanced this 
framework by incorporating a cumulative distribution function (CDF) matching 
module that aligns probability distributions to mitigate systematic biases at high 
wind speeds, reducing full-range RMSE (0 - 25 m/s) to 1.53 m/s. Diverging from 
CNNs’ localized receptive fields, Zhao et al. [10] proposed DDM-former a trans-
former-based architecture employing stacked multi-head self-attention (MSA) lay-
ers in decoder modules to capture global long-range dependencies within DDM’s 
2D delay-Doppler distributions. This pure DDM-input approach attained 1.43 
m/s RMSE without auxiliary parameters, demonstrating the superiority of atten-
tion mechanisms in feature integration through its paradigm shift from “manual 
feature fusion” to “data-driven global modeling”. 

Building upon the demonstrated efficacy of CyGNSSnet and DDM-former in 
establishing nonlinear DDM-to-wind speed mappings through deep learning, we 
propose CyGNSSMsa—a novel neural architecture synergistically integrating 
CyGNSSnet’s framework with self-attention mechanisms. This hybrid model en-
hances feature perception by deploying attention modules to refine features ex-
tracted from DDMs by CyGNSSnet. Multi-level residual connections enable pro-
gressive fusion of hierarchical features across scales, while a final Multilayer Per-
ceptron (MLP) stage optimizes the regression for high-precision wind speed in-
version. The architecture systematically combines local receptive field advantages 
of CNNs with global context modeling through attention, achieving comprehen-
sive feature representation. 

2. Experimental Datasets 
2.1. Data Description 

The experimental study utilized the CYGNSS Version 3.2 dataset spanning 31 
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consecutive days from January 1 to 31, 2024. For DDM data processing, four pri-
mary parameters were selected: 1) bistatic radar cross section (BRCS) representing 
true scattering area, 2) effective scattering area derived from GPS waveform and 
scattering surface calculations, 3) simulated power corresponding to actual sen-
sor-measured power, and 4) raw counts as uncalibrated power measurements. Ad-
ditionally, two auxiliary parameters were incorporated: leading edge slope (LES) 
describing the rising edge slope of the power waveform, and normalized bistatic 
radar cross section (NBRCS) quantifying scattering cross-section magnitude near 
the specular reflection point—both established parameters in wind speed inver-
sion studies. This multi-parameter configuration ensures comprehensive charac-
terization of both physical scattering mechanisms and sensor-specific responses 
(Figure 1). 

 

 
Figure 1. Sample count per day after quality control. 
 

The reference wind speed data were obtained from the European Centre for 
Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis dataset, providing 
hourly temporal resolution and 0.25˚ × 0.25˚ spatial resolution. To achieve precise 
spatiotemporal collocation between CYGNSS observations and ERA5 wind fields, 
the ERA5 data were processed through linear temporal interpolation to match 
CYGNSS measurement timestamps, coupled with spatial bilinear interpolation 
across the 0.25˚ grid to align with specular reflection point coordinates. This two-
stage interpolation protocol ensures sub-hour temporal synchronization and sub-
grid spatial correspondence, generating reference wind speed values with ≤0.5-
hour temporal offset and <12.5 km spatial uncertainty for robust GNSS-R model 
training and validation. 

2.2. Quality Control 

The relatively low power of navigation signals reaching Earth’s surface renders 
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GNSS-R observations susceptible to microwave interference, potentially compro-
mising data integrity. To mitigate low-quality data impacts, we implemented a 
multi-criteria quality control protocol leveraging CYGNSS-defined quality flags, 
signal-to-noise ratio (SNR), and range-corrected gain (RCG). The institutional 
quality flags effectively eliminate artifacts caused by sensor anomalies and system 
noise, while SNR quantifies DDM signal clarity through noise-floor comparison. 
RCG, defined as the ratio between specular point gain and signal propagation path 
loss, serves as a critical indicator of geometric observation validity. Our filtering 
strategy systematically removed data samples exhibiting: 1) questionable quality 
flags, 2) SNR ≤ 3 dB (insufficient signal dominance), or 3) RCG ≥ 10 (excessive 
path attenuation). 

3. Methodology 
3.1. CyGNSSMsa Model 

Recent advancements in deep learning for sea surface wind speed retrieval using 
CYGNSS DDM data have yielded multiple sophisticated architectures [8]-10]. 
Among these, CyGNSSNet employs a dual-branch convolutional neural network 
(CNN)-based architecture to process auxiliary parameters and DDM features in-
dependently, providing flexible extensibility for multi-modal data integration. In 
contrast, DDM-former leverages self-attention mechanisms to establish global de-
pendencies across entire DDM matrices, demonstrating exceptional proficiency 
in aggregating long-range scattering characteristics. These architectures funda-
mentally aim to establish robust feature-to-wind speed mappings through distinct 
learning paradigms: CyGNSSNet emphasizes localized spatial pattern extraction 
via convolutional kernels, whereas DDM-former excels in capturing inter-channel 
correlations through transformer-based attention weight allocation. Comparative 
analyses reveal that while CyGNSSNet’s modular design facilitates incremental 
parameter integration, DDM-former’s encoder-decoder structure achieves supe-
rior performance (RMSE ≤ 1.43 m/s) through holistic DDM interpretation, sub-
stantiating the transformative potential of attention mechanisms in geophysical 
parameter inversion tasks. 

Building upon the architectural merits of both CyGNSSNet and DDM-former, 
we propose CyGNSSMsa—a hybrid deep learning framework for wind speed re-
trieval. The model initiates with parallel feature extraction streams: auxiliary pa-
rameters (e.g., incidence angle, SNR) are processed through fully connected layers 
to generate metadata embeddings, while a convolutional extracts localized fea-
tures from raw DDM matrices. These heterogeneous features undergo channel-
wise concatenation and dimensionality alignment before being fed into multi-
head self-attention (MSA) layers, which establish global dependencies across the 
fused feature space. The refined representations are subsequently regressed to 
wind speed values through a multilayer perceptron (MLP) with residual connec-
tions, enabling nonlinear mapping optimization. This hierarchical architecture 
synergistically combines CNN’s local feature sensitivity with transformer-based 
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global context modeling, while maintaining auxiliary parameter compatibility 
through adaptive fusion layer (Figure 2). 

 

 
Figure 2. General structure of CyGNSSMsa. 

 
The experimental DDM datasets maintain a uniform dimensionality of [4, 11, 

17], corresponding to channels (C = 4), height (H = 11), and width (W = 17), 
representing four DDM parameters across 11 delay bins and 17 Doppler bins. 
Auxiliary parameters (LES and NBRCS) are formatted as [2, 1] tensors. The pro-
cessing pipeline initiates with convolutional operations on the input tensor using 
3 × 3 kernels to extract local spatiotemporal features, followed by batch normali-
zation to stabilize layer input distributions through mini-batch statistics (mean μ, 
variance σ²): 

 ( )
2

xBN x µ

σ

−
=

+ 
 (1) 

where   denotes numerical stability factor. Rectified Linear Unit (ReLU) activa-
tion then introduces nonlinearity: 

 ( ) ( )max ,0Relu x x=  (2) 

Subsequent max pooling (2 × 2 window) enhances feature discriminability 
through spatial subsampling. To enable hierarchical feature fusion while mitigat-
ing gradient vanishing, residual connections implement identity mapping: 

 ( ) ( )Res x F x x= +  (3) 

where F represents stacked convolution-normalization-activation operations. This 
architecture preserves multi-scale information flow from shallow to deep layers. 

For the auxiliary data processing stream, we implement a dedicated neural ar-
chitecture comprising a fully connected layer with 48 hidden units to transform 
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input parameters, followed by dropout regularization with a rate of 0.3 to mitigate 
overfitting risks. The linear transformation stage projects the [2, 1] auxiliary ten-
sor into a 48-dimensional latent space through weight matrix multiplication: 

 ( ) ( )48,Liner x F x W=  (4) 

where 48 2
48W ×∈  denotes the learnable weight matrix and 48b∈  the bias 

vector. Subsequently, dropout stochastically deactivates 10% of neurons during 
training via random sampling. 

Following feature concatenation between DDM-derived and auxiliary embed-
dings, we implement positional encoding using PyTorch’s native functionalities 
to inject spatial-temporal awareness into the fused feature tensor. The concate-
nated features undergo sinusoidal positional encoding along the Doppler-delay 
dimensions: 

 ( ) ( )2 /, 2 /10000 i dPE pos i sin pos=  

 ( ) ( )2 /, 2 1 /10000 i dPE pos i cos pos+ =  (5) 

where pos denotes position index and i the dimension. Subsequent layer normal-
ization stabilizes feature distributions across dimensions through per-feature 
mean (μ) and standard deviation (σ) normalization: 

 ( ) xLayerNorm x µγ β
σ
−

= ⋅ +  (6) 

with learnable parameters γ (scale) and β (shift). The normalized features then 
enter multi-head self-attention (MSA) layers comprising 4 parallel attention 
heads. Each head computes query-key-value projections: 

 ( ), ,
T

k

QKAttention Q K V softmax V
d

 
=   

 
 (7) 

where 64kd =  denotes key dimension. The concatenated multi-head outputs 
form position-aware contextual representations, enabling global dependency 
modeling across Doppler-delay domains. 

The refined features from the multi-head self-attention (MSA) layers are subse-
quently fed into a multilayer perceptron (MLP) to generate wind speed estimates 

The specific structure of the model is as follows: 

3.2. Model Validation 

For comprehensive performance evaluation, we conducted comparative analyses 
against three established GNSS-R wind speed retrieval approaches (Figure 3): 1) the 
conventional Minimum Variance Estimator (MVE) [1] utilizing normalized bistatic 
radar cross section (NBRCS) and leading edge slope (LES) features derived from 
DDM data; 2) the convolutional neural network-based CyGNSSnet [8] employing 
dual-branch architecture for DDM-auxiliary feature fusion; and 3) the attention-
driven DDM-former [10] achieving auxiliary-free inversion through multi-head 
self-attention layers. The MVE method implements physics-based wind speed  
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Figure 3. Specific structure of CyGNSSMsa for the experiment. 
 

estimation via empirically calibrated geophysical model functions (GMFs), while 
CyGNSSnet adopts hybrid feature engineering through parallel CNN and MLP 
pathways. In contrast, DDM-former leverages global attention mechanisms to es-
tablish direct DDM-to-wind speed mappings without auxiliary parameter de-
pendence. Model performance was quantitatively assessed using root mean square 
error (RMSE, m/s) and bias (m/s) metrics, calculated as: 

 ( ) ( )2

1

1,
n

real real
i

RMSE y y y y
n =

= −∑  (8) 

 ( ) ( )
1

1,
n

real real
i

Bias y y y y
n =

= −∑  (9) 

where realy  is the reference wind speed obtained from ERA5 and y  is the pre-
dicted wind speed from the model output. 

3.3. Training Details 

The model was trained on a single NVIDIA GeForce RTX 2060s GPU. The frame-
work used was pytorch, the optimiser used was Adam, the learning rate was 0.001, 
the sample batch size was 4096, and a total of 100 rounds were run to train the 
model. 

4. Results and Discussion 

The overall RMSE of the methods and the RMSE in different wind speed bands 
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are shown in Table 1. 
 
Table 1. RMSE statistics for baselines and proposed model with different wind intervals 

Architecture 

All 
samples 

≤4 m/s 4 - 8 m/s 8 - 12 m/s 12 - 16 m/s >16 m/s 

RMSE 
(m/s) 

RMSE 
(m/s) 

Bais 
(m/s) 

RMSE 
(m/s) 

Bais 
(m/s) 

RMSE 
(m/s) 

Bais 
(m/s) 

RMSE 
(m/s) 

Bais 
(m/s) 

RMSE 
(m/s) 

Bais 
(m/s) 

MVE 1.803 1.695 −1.295 1.762 1.136 3.074 2.835 6.533 6.466 9.794 9.772 

CyGNSSnet 1.405 0.917 −0.271 1.177 0.465 2.491 1.996 4.629 4.463 6.700 6.636 

DDM-former 1.376 1.185 −0.796 1.070 −0.022 2.195 1.606 4.299 4.111 6.248 6.177 

CyGNSSMsa 1.345 1.057 −0.431 1.139 0.104 2.158 1.561 4.055 3.873 6.208 6.133 

 
As evidenced by the accuracy metrics presented in Table 1, the conventional 

MVE method exhibited the lowest overall accuracy due to the absence of distri-
bution correction in its output predictions, particularly manifesting significantly 
higher RMSE (Δ > 1.904 m/s) and bias (Δ > 2.003 m/s) compared to deep learning 
approaches in wind speeds exceeding 12 m/s. Our proposed CyGNSSMsa achieved 
superior comprehensive performance with optimal global metrics, attaining an 
overall RMSE of 1.345 m/s. While CyGNSSMsa demonstrated marginally higher 
errors (RMSE: +0.069 m/s, Bias: +0.082 m/s) than DDM-former within the 4 - 8 
m/s range. This performance enhancement stems from CyGNSSMsa’s global fea-
ture fusion mechanism, which synergistically integrates multi-scale spatial pat-
terns and auxiliary constraints through attention-weighted feature recombina-
tion, thereby simultaneously improving both regional accuracy and systematic 
bias mitigation. The comparative error distributions across wind speed bins, as 
clearly illustrated in Figure 4, further substantiate these findings through quanti-
tative visualization of error clustering characteristics. 

 

 
(a)                                                   (b) 
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(c)                                                   (d) 

Figure 4. Density plots in log scale for four methods against ERA5 wind speeds. The colour bar measures samples per bin. Results 
of (a) MVE, (b) CyGNSSnet, (c) DDM-former, and (d) CyGNSSMsa. A 1:1 diagonal is shown as a black dotted line for reference 

5. Conclusion 

This study proposes CyGNSSMsa, an innovative wind speed retrieval model 
that synergistically integrates the dual-branch architecture of CyGNSSnet with 
multi-head self-attention (MSA) mechanisms. The proposed framework achieves 
state-of-the-art inversion accuracy, delivering an overall RMSE of 1.345 m/s. 
By deploying MSA layers to holistically interpret fused features from Delay-
Doppler Maps (DDMs) and auxiliary parameters, CyGNSSMsa not only en-
hances precision but also reduces systematic bias across diverse wind regimes. 
The deepening convergence of deep learning and remote sensing technologies 
promises to address critical challenges in imbalanced wind speed distribution 
modeling through advanced data augmentation and physics-informed regular-
ization. 
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