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Abstract 

In this paper, the effect of geographical location on Cyclone Global Navigation Satellite System (CYGNSS) observables 
is demonstrated for the first time. It is found that the observables corresponding to the same wind speed vary with 
geographic location regularly. Although latitude and longitude information is included in the conventional method, 
it cannot effectively reduce the errors caused by geographic differences due to the non-monotonic changes of 
observables with respect to latitude and longitude. Thus, an improved method for Global Navigation Satellite Sys-
tem Reflectometry (GNSS-R) wind speed retrieval that takes geographical differences into account is proposed. The 
sea surface is divided into different areas for independent wind speed retrieval, and the training set is resampled by 
considering high wind speed. To balance between the retrieval accuracies of high and low wind speeds, the results 
with the random training samples and the resampling samples are fused. Compared with the conventional method, 
in the range of 0–20 m/s, the improved method reduces the Root Mean Square Error (RMSE) of retrieved wind speeds 
from 1.52 to 1.34 m/s, and enhances the correlation coefficient from 0.86 to 0.90; while in the range of 20–30 m/s, the 
RMSE decreases from 8.07 to 4.06 m/s, and the correlation coefficient increases from 0.04 to 0.45. Interestingly, the 
SNR observations are moderately correlated with marine gravities, showing correlation coefficients of 0.5–0.6, which 
may provide a useful reference for marine gravity retrieval using GNSS-R in the future.
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Introduction
The change of sea surface wind speed is one of the impor-
tant factors affecting the marine environment. Timely 
and accurate monitoring of sea surface wind speed is of 
significance for maritime navigation safety and contrib-
utes to improving our understanding of the marine cli-
mate environment. Traditional wind speed monitoring 
mainly uses ground-based stations, buoys, and mete-
orological remote sensing satellites like scatterometers 
and altimeters, etc. However, these methods suffer from 
limited measurement range and coverage, high cost, and 
high power consumption.

With a high temporal resolution and wide cover-
age, Global Navigation Satellite System Reflectometry 
(GNSS-R) has developed as a valid remote sensing tech-
nique for retrieving earth surface geophysical parameters 
over the past few decades (Garrison and Katzberg, 2000). 
Moreover, the implementation of Low Earth Orbit (LEO) 
satellite missions for GNSS-R, e.g., the United Kingdom-
Disaster Monitoring Constellation (UK-DMC) (Gleason, 
2006), TechDemoSat-1 (TDS-1) (Foti et  al., 2015), and 
Cyclone Global Navigation Satellite System (CYGNSS), 
has further enhanced the advantages of temporal reso-
lution and coverage (Ruf et  al., 2013, 2016). These mis-
sions have demonstrated the potential for monitoring 
ocean and land parameters, e.g., Significant Wave Height 
(SWH) (Roggenbuck et al., 2019), sea ice extent (Yan and 
Huang 2016), ocean wind speed (Hammond et al., 2020), 
soil moisture (Arroyo et al., 2014; Pan et al., 2020), above-
ground biomass (Carreno-Luengo et  al., 2020; Chen 
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et al., 2021), etc. The focus of this paper is on wind speed 
retrieval.

In 1993, Martin-Neira first proposed the concept of 
sea surface altimetry using Global Positioning System 
(GPS) direct and reflected signals (Martin-Neira, 1993). 
In 2000, a theoretical framework was developed to estab-
lish the relationship between the properties of reflected 
GPS signal and the sea surface roughness (Zavorotny 
& Voronovich, 2000). In 2015, an ocean wind speed 
retrieval algorithm based on Technology Demonstra-
tion Satellite (TDS-1) data was proposed by Foti et  al., 
which demonstrated the performance of spaceborne 
GNSS-R for low wind speed retrieval (Foti et  al., 2015). 
In 2017, Foti et al. showed that the spaceborne GNSS-R 
data derived from TDS-1 had the capability of monitor-
ing hurricanes. The results confirmed that GNSS-R sig-
nals can detect the ocean condition changes due to very 
strong and near-surface ocean wind associated with hur-
ricanes (Foti et al., 2017).

In 2014, a Minimum Variance (MV) wind speed esti-
mator based on five observables derived from Delay-
Doppler Map (DDM) was developed (Clarizia et  al., 
2014). Due to its good performance, this wind speed 
estimator has been used in the Level 2 ocean surface 
wind speed data product of the CYGNSS mission (Clar-
izia & Ruf, 2016). In 2021, an improved CYGNSS wind 
speed retrieval method that combines the retrievals 
from DDM observables using Particle Swarm Optimi-
zation (PSO) algorithm is proposed (Guo et  al., 2021). 
Moreover, several studies have also shown that input-
ting multiple observables into the Artificial Neural Net-
work (ANN) can improve the accuracy of CYGNSS wind 
speed retrieval (Reynolds et  al., 2020; Li et  al., 2021; 
Asgarimehr et al., 2022). Although these observables are 
very sensitive to wind speed, they also are affected by 
many other factors, e.g., topography, swell and degree of 
wave development, long gravity waves, etc. (Chen-Zhang 
et al., 2016; Gleason et al., 2020). These factors make the 
relationship between CYGNSS observables and ocean 
wind speed complex and exhibit interactions. To obtain 
accurate wind speed retrieval, it is necessary to use a 
large amount of data to find out as many factors as pos-
sible affecting wind speed and establish the relationship 
between the observables and wind speed.

However, due to the complex and changeable marine 
environment, it’s difficult to find out all the factors. To 
establish the accurate relationship between the CYGNSS 
observables and ocean wind speed, the unknown factors 
that affect observables are considered as a whole in this 
paper. Their combined influence on the observables is 
used for further analysis.

In this paper, an investigation on improving CYG-
NSS wind speed retrieval by considering geographical 

differences is performed. The results show that when 
the wind speed is the same, the observables in different 
sea areas are not the same, and the same observables 
show different wind speeds in different sea areas. This 
geographical difference is the result of a combination 
of many influencing factors. As mentioned above, it is 
difficult to analyze all factors individually and exclude 
their influence on observables. However, simply train-
ing all observables and wind speeds without eliminating 
the influence of other factors will inevitably lead to large 
retrieval errors. To solve this problem, the sea surface is 
divided into different areas for independent wind speed 
retrieval. Unlike the previous method, in each area the 
effect of these factors on the observables is basically the 
same, which can effectively reduce the retrieval error 
caused by these factors. Furthermore, in order to cor-
rect the error caused by the low occurrence of the high 
wind samples, the random training samples and the resa-
mpled samples are used for wind speed retrieval, respec-
tively. Although this resampling method can improve the 
accuracy of high wind speed retrieval, the accuracy of 
low wind speed retrieval is reduced. To balance between 
the retrieval accuracies of high and low wind speeds, the 
results with the random training samples and the resam-
pling samples are fused. The rest of this paper is arranged 
as follows. "Datasets and data filtering" section is the 
introduction of the experimental datasets and the data 
preprocessing. "The geographical difference analysis of 
CYGNSS observables" section analyzes the geographic 
differences of the observables and their relationship with 
marine gravity. "Method" section describes the proposed 
wind speed retrieval method, and its evaluation is given 
in "Evaluation section. Finally, the concluding remarks 
and suggestions for future work are presented in "Con-
clusions" section.

Datasets and data filtering
Datasets
The CYGNSS is designed to retrieve ocean surface wind 
speed with a constellation of eight small satellites. In 
addition to the advantages of high resolution and wide 
coverage with mean revisit time of 7.2 h over 0.25° × 0.25° 
latitude–longitude grids (Morris and Ruf, 2017), CYG-
NSS can also estimate sea surface wind speed under all 
precipitating conditions and over the full dynamic range 
of wind speeds experienced in a Tropical Cyclone (TC) 
(Ruf et al., 2016). In this paper, the CYGNSS L1 level 3.1 
version data (https:// podaac. jpl. nasa. gov/ datas et/ CYG-
NSS_ L1_ V3.1) in the 3  months from July to September 
2019 is used for wind speed retrieval.

The reference wind speed is derived from the fifth gen-
eration ECMWF (European Center for Medium-range 
Weather Forecasts) Atmospheric Reanalysis, (ERA5) 

https://podaac.jpl.nasa.gov/dataset/CYGNSS_L1_V3.1
https://podaac.jpl.nasa.gov/dataset/CYGNSS_L1_V3.1
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wind speed data provided by ECMWF (https:// cds. clima 
te. coper nicus. eu/ cdsapp# !/ datas et/ reana lysis era5- single- 
levels). ERA5 data is the fifth-generation reanalysis data 
of ECMWF, which provides grid wind speed data hourly 
with a global spatial resolution of 0.25°. The final refer-
ence wind speeds are obtained from the eastward com-
ponent and the northward component of the wind speed 
10 m above the surface in ERA5. After data preprocess-
ing, the ECWMF data is matched with the CYGNSS 
dataset by applying the following criteria: the distance 
is less than 20  km, and the time difference is less than 
30 min.

Data filtering
To ensure the quality of the CYGNSS data, the observa-
bles must be checked for any anomaly before ocean wind 
speed retrieval. The initial quality control is mainly based 
on the following criteria (Asgarimehr et al., 2022; Li et al., 
2021; Ruf & Balasubramaniam, 2019):

(1) The receiver antenna gain in the direction of the 
specular point (sp_rx_gain) is larger than 0 dBi;

(2) The Normalized Bistatic Radar Cross Section 
(NBRCS) (ddm_nbrcs) is larger than 0;

(3) The Leading Edge Slope (LES) (ddm_les) is larger 
than 0;

(4) The Signal Noise Ratio (SNR) (ddm_snr) is larger 
than 0 dB;

(5) The incident angle of all observables is less than 35°;
(6) Data with good overall quality, indicated by the 

quality_flags.

The geographical difference analysis of CYGNSS 
observables
Previous studies show that the change of sea surface 
roughness is mainly caused by the sea surface wind (Foti 
et  al., 2017; Zavorotny & Voronovich, 2000). On the 

other hand, the sea surface roughness can also reflect the 
change of wind speed. However, the sea surface rough-
ness is affected not only by the wind speed, but also by 
other factors. Due to the influence of other factors, the 
relationship between the CYGNSS observables and the 
wind speed is complex and not an ideal one-to-one cor-
respondence. Figure  1 shows the relationship between 
these CYGNSS observables and the wind speeds. In 
order to reduce the influence of other potential factors on 
roughness as much as possible, these effects are treated 
as a whole in geographical analysis.

To analyze the effect of geographical location on the 
CYGNSS observables, the observables are compared in 
the following criteria: the ocean is divided into the areas 
with 5° equal intervals in longitude and latitude, respec-
tively; the average value of the observables correspond-
ing to the same wind speed on each area. Figure 2 shows 
the correspondence between the wind speed and the 
three types of CYGNSS observables in different regions, 
including NBRCS, LES, and SNR. Top-left: The curve of 
NBRCS along longitude. Top-right: The curve of NBRCS 
along latitude. Middle-left: The curve of LES along lon-
gitude. Middle-right: The curve of LES along latitude. 
Bottom-left: The curve of SNR along longitude. Bottom-
right: The curve of SNR along latitude. It can be seen from 
Fig.  2 that the corresponding observables of the same 
wind speed at different geographic areas are different, 
and the changing trend of the observables corresponding 
to the different wind speeds is very similar. It should be 
noted that the observables of different wind speeds in the 
SNR analysis chart have multiple intersections, while less 
for LES and the least for NBRCS. This is mainly caused 
by the different sensitivity of the three types of observa-
bles to wind speed. The sensitivity of the three types of 
observables to wind speed is NBRCS > LES > SNR, which 
is consistent with the previous finding (Li et  al., 2021). 
In addition, Fig.  2 also tells that the higher the wind 
speed, the more intersection points will be. The reason 
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Fig. 1 The density map of the CYGNSS observables and ECMWF wind speed
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may be the sensitivity of observables is reduced at high 
wind speeds. As the wind speed increases, the difference 
between the observables of different wind speeds gradu-
ally decreases. This indicates that the wind speed range 

corresponding to the same observable will increase, 
which leads to an increase in retrieval error.

Overall, Fig.  2 demonstrates that the observables 
corresponding to the same wind speed vary with 
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Fig. 2 The variations of observables along longitude and latitude
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geographic locations. This phenomenon is likely 
related to the influencing factors of sea surface rough-
ness, including external and internal factors. Wind 
speed is the main external factor. The waves on the 
ocean surface become rougher as the sea surface 
wind increases. Ideally, different wind speeds would 

cause different roughness, thus keeping the CYGNSS 
observables in one-to-one correspondence with wind 
speed. However, the sea surface roughness may also be 
influenced by internal factors, such as marine gravity, 
which will counteract some of the wind effect on the 
wave. Therefore, when the wind speed is constant, the 
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sea surface in different gravity zones may produce dif-
ferent roughness.

To understand the possible impacts of marine grav-
ity on the geographical differences, the comparison 
of CYGNSS observables with marine gravity is pre-
sented. The marine gravity is derived from CryoSat-2 
and Jason-1 (https:// topex. ucsd. edu/ pub/ global_ grav_ 
1min/ grav 1 min/) (Garcia et al., 2014). The following 
criteria are used to match the marine gravity data with 
the CYGNSS dataset: distance less than 20 km, and the 
time difference is not considered due to the marine 
gravity remains stable over time. Figure  3 shows the 
correlation between CYGNSS observables and marine 
gravity along longitude and latitude when the wind 
speed is 5  m/s, respectively. All data are divided into 
intervals of 0.5° along longitude and latitude, and the 
average values of various types of data are calculated 
in each interval. The left panel shows the variation of 
CYGNSS observables and marine gravity along the 
longitude direction. The right panel shows the varia-
tion of CYGNSS observables and marine gravity along 
latitude. It can be seen that the correlation between 
CYGNSS observables and marine gravity along lon-
gitude is significantly higher than that along latitude, 
and the variations range of marine gravity is about 

− 15 ×  10–3 to 10 ×  10–3 cm/s2 in the latitude direction 
and −  80 ×  10–3 to 60 ×  10–3  cm/s2 in the longitude 
direction, respectively. The results show that CYGNSS 
may respond to large-scale changes in ocean gravity to 
a certain extent.

It is noted that in Fig. 3, SNR has the highest corre-
lation with marine gravity, but the trend of SNR with 
marine gravity appears anomalous in the range of longi-
tude 80°W–40°W and 130°E–150°E. The cause for these 
anomalous regions needs further study. The correlation 
coefficients (R) between SNR and marine gravity except 
for the anomalous region are given in Fig. 4, where the 
red dots are the marine gravity and the blue dots are 
SNR at different wind speeds. Since the amount of data 
decreases rapidly with increasing wind speed, the data 
are divided into three ranges according to wind speed 
(0–5  m/s, 5–10  m/s, 10–25  m/s), and the normalized 
correlation coefficients are given separately. It can be 
seen from these plots that the correlation coefficient 
decreases with increasing wind speed. This can be due 
to a reduction in data quality and quantity at high wind 
speeds.

Method
As mentioned above, given a wind speed, its correspond-
ing CYGNSS observables show regular regional differ-
ences. Therefore, the elimination of the geographical 
differences can contribute to expressing the relation-
ship between the wind speed and CYGNSS observa-
bles. In addition, existing research has shown that the 
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low occurrence of the high wind samples will lead to the 
underestimation of high wind speeds (Guo et al., 2022; Li 
et al., 2021). Focusing on these two problems, a CYGNSS 
wind speed retrieval method considering the geographic 
differences and the low occurrence of the high wind sam-
ples is presented in this section.

Theory of GNSS‑R wind speed retrieval
The scattered GPS signal power from the ocean can 
be described as a function of geometric parameters 
and sea surface roughness, which can be expressed as 
(Voronovich and Zavorotny 2017):

where 
∣

∣Y
(

τ , f
)∣

∣

2 is the function of the time delay τ and 
the frequency offset f  , representing the Global Navi-
gation Satellite System (GNSS) power; Pt is the GNSS 
transmitter power; Gt is the GNSS antenna gain; λ is the  
carrier wavelength; Ti is the coherent integration time; 
Rt is the distance from the transmitter to the specular 
reflection point; Rr is the distance from the receiver to 
the specular reflection point; �2 and S2 are the compo-
nents of the Woodward Ambiguity Function (WAF) in 
delay and delay Doppler frequency, respectively; Gr is 
the receiver antenna gain; dA is the surface element of 
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Table 1 The specific information of each area

Area Longitude range Wind speed 
range (m/s)

Area-1 180°–152°W 20.97

Area-2 152°E–123°W 22.80

Area-3 123°W–107°W 24.73

Area-4 107°W–86°W 22.65

Area-5 86°W–71°W 29.69

Area-6 71°W–59°W 28.48

Area-7 59°W–52°W 19.36

Area-8 52°W–42°W 32.58

Area-9 42°W–22°W 30.22

Area-10 22°W–4°W 24.31

Area-11 4°W–4°E 18.51

Area-12 4°E–12°E 18.32

Area-13 12°E–23°E 21.15

Area-14 23°E–33°E 20.24

Area-15 33°E–44°E 21.23

Area-16 44°E–68°E 29.10

Area-17 68°E–89°E 22.65

Area-18 89°E–104°E 23.62

Area-19 104°E–121°E 19.43

Area-20 121°E–129°E 30.65

Area-21 129°E–145°E 24.81

Area-22 145°E–180° 23.08
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the scattering area A ; σ0 symbolizes the NBRCS, which is 
related to the roughness of the glistening zone. Here, σ0 
can be used to retrieve ocean wind speed.

Selection of observables
In addition to NBRCS, the observables derived from 
DDM commonly used for wind speed retrieval are the 
LES of Integrated Delay Waveforms (IDW) and SNR 
(Garrison et  al., 2002). The DDM_SNR derived from 
CYGNSS data is computed by:

where Smax is the maximum value (in raw counts) in 
a single DDM bin and Navg is the average per-bin raw 
noise counts. In order to improve the sensitivity of SNR 
to wind speed, the bottom noise in DDM is removed and 
given as:

According to the instruments and geometric effects 
provided in the bistatic radar equation, the SNR in CYG-
NSS can be corrected to:

(2)dSNR = 10 log10

(

Smax

Navg

)

(3)

dSNR′ = 10log10

(

Smax − Navg

Navg

)

= 10log10

(

Smax

Navg
− 1

)

(4)

dSNRC = dSNR′ + 10log10

(

R
2
t R

2
r

)

+ 10log10

(

cos2θ
)

− 10log10DEIRP − 10log10Gr

where θ is the incident angle, DEIRP is the GPS effective 
isotropic radiated power, and dSNRC represents the cor-
rected SNR.

Although SNR, LES, and NBRCS have high sensitiv-
ity to wind speed, Eq. (4) tells that the inclusion of other 
observables can improve the wind speed retrieval accu-
racy. Therefore, this study selects NBRCS, LES, SNR, 
Rt, Rr, incident, EIRP, and Sp_theta_orbit to retrieve the 
wind speed.

Partitioning strategy
The conventional method attenuates the effect of geo-
graphical differences by adding latitude and longi-
tude information. However, the improvement in wind 
speed retrieval performance is limited due to the non-
monotonic geographic variation of observations along 
latitude and longitude. As described in Sect.  3, after 
controlling for wind speed, the CYGNSS observables 
show a moderate correlation with marine gravity, so 
an attempt is made to add marine gravity to the data-
set to improve retrieval performance. Figure  5 shows 
the comparison of the CYGNSS wind speed retrieval 
performance before and after the addition of marine 
gravity, except for the anomalous region. After the 
addition of marine gravity, in the range of 0–20  m/s, 
the Root Mean Square Error (RMSE) of retrieval wind 
speeds decreases from 1.61 to 1.59 m/s, and the corre-
lation coefficient increases from 0.85 to 0.86; while in 
the range of 20–30 m/s, the RMSE decreases from 6.67 
to 6.51, and the correlation coefficient increases from 
0.23 to 0.38. The marginal effect can be attributed to 
the fact that additional parameters, such as tempera-
ture, salinity, and seawater density, may also affect sea 
surface roughness in addition to marine gravity (Liu 
et al., 2021). These factors are potential contributors to 
the multiple values of the CYGNSS observables with 
constant wind speed. Since there are too many possible 
factors which are interconnected, it is quite challeng-
ing to remove each factor’s influence separately. Fortu-
nately, the combined effect of these factors is relatively 
stable in terms of geographic distribution. Thus, it is 
possible to improve the performance of CYGNSS wind 
speed retrieval by geographic partitioning.

As can be seen from Fig. 2, the observations fluctuate 
greatly along longitude but remain much stable along 
latitude. Therefore, the sea surface is divided along lon-
gitude according to the change of CYGNSS observa-
bles. The observables in a divided area generally change 
monotonously with the longitude information, and the 
longitude and latitude information can better attenuate 
the effect of geographical differences. The partition-
ing strategy is shown in Fig. 6, where the blue dots are 
the normalized CYGNSS observables at different wind 
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speeds, and the red dotted lines represent the regional 
boundaries. Finally, the sea surface is divided into 22 
independent areas, and the specific information of each 
area is shown in Table 1.

Multilayer perceptron configuration
Recently, due to the capacity of artificial neural net-
works in learning complex relationships and general-
izing the results from the training data, it has become 
a popular application tool. Previous studies have 

CYGNSS data ECMWF data

Matched dataset

Train sets Test1 sets

Original
trained models 

Resampling

22

Resampled
trained models 

Fusion
models

Test1 sets
wind_1

Test1 sets
wind_2

Test2 sets
wind_2

Test2 sets
wind_1

Fusion models

Test2 sets
wind

60% 20% 20%

No
resampling

Areadatasets

Spatially and temporallymatching

Partition

Data processing

Model training

Model validation

Test2 sets

Original
trained models 

Resampled
trained models 

Fig. 8 The experimental structure and process



Page 10 of 15Li et al. Satellite Navigation             (2023) 4:4 

30

25

20

15

10

5

Not partitioning Partitioning

Not partitioning Partitioning

Not partitioning Partitioning

RMSE: 8.07
R: 0.04

RMSE: 7.22
R: 0.16

RMSE: 5.06
R: 0.35

RMSE: 1.52
R: 0.86

RMSE: 1.38
R: 0.89

RMSE: 1.52
R: 0.87

RMSE: 1.64
R: 0.85

30

25

20

15

10

5

a Not resampling

b Resampling

c Fusion

100

90

80

70

60

50

40

30

20

10

0

E
C

M
W

F 
w

in
d 

sp
ee

d 
(m

/s
)

3020100 3020

D
at

a 
de

ns
ity

 (%
)

100

90

80

70

60

50

40

30

20

10

0

D
at

a 
de

ns
ity

 (%
)

100

90

80

70

60

50

40

30

20

10

0

D
at

a 
de

ns
ity

 (%
)

100

30

25

20

15

10

5

30

25

20

15

10

5E
C

M
W

F 
w

in
d 

sp
ee

d 
(m

/s
)

3020100 3020100

30

25

20

15

10

5

30

25

20

15

10

5E
C

M
W

F 
w

in
d 

sp
ee

d 
(m

/s
)

3020
CYGNSS wind speed (m/s) CYGNSS wind speed (m/s)

100 3020100

RMSE: 4.18
R: 0.37

RMSE: 7.40
R: 0.09

RMSE: 4.06
R: 0.45

RMSE: 1.49
R: 0.87

RMSE: 1.35
R: 0.90

Fig. 9 Density scatterplots of ECMWF wind speed versus retrieved wind speed



Page 11 of 15Li et al. Satellite Navigation             (2023) 4:4  

successfully used artificial neural networks for GNSS-
R wind speed retrieval (Reynolds et al., 2020; Li et al., 
2021). Because Multi-Layer Perceptron (MLP) is one of 
the most common artificial neural networks, it is used 
for wind speed retrieval in this paper.

MLP can automatically extract or explore some “rea-
sonable solution rules” hidden in the data by learning 
from a large amount of sample data. MLP is a gradi-
ent descent procedure that computes the value of 
the derivative in a very efficient way and modifies the 
weights according to a parameter known as “learn-
ing rate” (Mart et  al., 2006). Structurally, MLP is usu-
ally composed of three layers: input layer, hidden layer, 
and output layer. There are nodes in each layer, and the 
nodes in adjacent layers are connected by weights, but 
the nodes in each layer are independent of each other. 
The principle of the forward propagation of multilayer 
perceptron can be summarized as:

where X0 and W0j are the bias ( X0 = 1) and its weight, 
respectively. N represents the number of input nodes. 

(5)d
j
net =

N
∑

i=0

WijXi

Each hidden node input ( djnet ) is then transformed 
through the non-linear transfer function to produce a 
hidden node output, Yj (Rani et  al., 2014). In this study, 
the transfer function tanh is used and expressed as 
follows:

The structure of the multilayer perceptron is shown in 
Fig.  7. Generally, the MLP wind speed retrieval perfor-
mance of multi- hidden layer is always better than that of 
a single hidden layer, but adding more hidden MLP lay-
ers does not necessarily improve model performance. On 
the contrary, too many hidden layers will greatly increase 
the training time and even cause over-fitting and reduce 
model performance. After testing, the trained neural 
network structure with four hidden layers (the first and 
second layers each contain 16 neurons, and the third and 
fourth layers each contain 32 neurons) can achieve the 
best performance.

Implementation process
The experimental structure and process are displayed in 
Fig. 8. The CYGNSS observables data is first spatiotem-
porally matched with the ECMWF wind. Then, the sea 
surface is divided into 22 areas according to the par-
titioning strategy. In each area, 60% of the data is used 
as the training set, and the rest is for the Test1 and the 
Test2, 20% each. In order to weaken the underestimation 
of high wind speed data due to low incidence, the train-
ing set is resampled for each area to increase the propor-
tion of high wind speed data in the training set. Training 
sets before and after resampling are trained separately 
to obtain the original trained model and the resampled 
trained model. The two models are used to retrieve the 
test sets, respectively. The results show that the original 
model has excellent performance at low wind speeds, 
while the resampled model has better performance at 
medium and high wind speeds. To achieve the best per-
formance of the retrieval results in the whole wind speed 
range, the two retrieval wind speeds are fused. For the 
Test1 set, the wind speeds obtained by the two mod-
els are fed into the multilayer perceptron for training to 
obtain a fusion model that can accommodate both high 
and low wind speeds, and the model is validated using the 
Test2 set. It should be noted that when the trained mod-
els remain unchanged, the performance characteristic of 
the retrieved wind speeds is also basically unchanged. 
Thus, the obtained fusion model will be universal. On 
the other hand, if the trained model changes, the fusion 
model needs to be retrained. Finally, the obtained model 
is evaluated. For the independent Test2 set, the original 
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trained model and resampled trained model are used to 
obtain two retrieval wind speeds, and the fusion model is 
used to fuse the two retrieval wind speeds.

Evaluation
Figure 9 shows the wind speed inversion results with dif-
ferent methods, where (a), (b), and (c) are the non-resa-
mpling method, resampling method, and fusion method, 
respectively. The results using the methods without par-
titioning are shown on the left, and with partitioning on 
the right. It can be seen from the figure that the perfor-
mances of the methods with partitioning are all better 
than that of the methods without partitioning. Compared 
with the unresampled method, the resampled method 
has better performance in the range of 20–30 m/s, with 
the RMSE reducing from 5.06 to 4.18  m/s and the R 
increasing from 0.35 to 0.37. However, in the range of 
0–20 m/s, the RMSE increases from 1.38 to 1.52 m/s and 
the R decreases from 0.89 to 0.87. In contrast, the fused 
method has better performance at both high and low 
wind speeds. When the wind speed is less than 20 m/s, 
the RMSE is 1.34 m/s and the R is 0.90. When the wind 
speed is greater than 20 m/s, the RMSE is 4.06 m/s and 
the R is 0.45.

Figure  10 shows the error curves of the retrieval 
results obtained with different methods. The retrieval 
results for the wind speeds above 25  m/s are merged 
together due to very few samples. It can be seen from 
the figure that the retrieval errors of the methods with 
partitioning are smaller than those of the methods 
without partitioning. In the range of 0–10  m/s, the 
retrieval errors of the unresampled methods are smaller 
than those of the resampled. When the wind speed is 
larger than 10 m/s, the retrieval errors of the resampled 
are smaller than those of the unresampled. After fusion, 
the retrieval errors are at a low level in the whole wind 
speed range.

Figure  11 shows the retrieval performances in dif-
ferent areas using the conventional method and the 
improved method. The conventional method represents 
the unresampled method without partitioning, and the 
improved method represents the fusion method with 
partitioning. Compared with the conventional method, 
the improved method shows better performance in all 
areas, with the RMSEs decreasing from (1.26–2.14 m/s) 
to (1.09–1.75 m/s) and Rs increasing from (0.82–0.88) 
to (0.88–0.92). The specific retrieval performance in 
each area is given in Table 2.
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Since the ANN model was trained and validated 
with the wind speeds from ECMWF, it is necessary to 
evaluate the wind speed retrieval performance with 
an independent source of wind speed measurements. 
Therefore, the wind speed measurements collected by 
the National Data Buoy Center (NDBC) buoys were 
also used as a reference. In order to reduce the impact 
of reflected signals from land contamination, the sites 
within 25  km from the coastline were excluded, and 
five buoy sites at different distances from the coast-
line (34 km, 50 km, 75 km, 200 km and 380 km) were 
selected for comparison experiments. The wind speed 

retrieval of CYGNSS observables matched with buoy 
data is performed using the conventional model and 
the improved model, respectively. The results show that 
the wind speed retrieval performance of the improved 
model is better than that of the conventional model, 
with the RMSEs decreasing from (0.81–1.35  m/s) to 
(0.76–1.31 m/s) and Rs increasing from (0.67–0.90) to 
(0.68–0.91). Brief information on these buoys and their 
specific wind speed retrieval performance are given in 
Table 3.

Conclusions
In this paper, the impact of the geographical differences 
on CYGNSS observables is investigated. When the wind 
speeds are the same, it is found that the observables vary 
with the location. The factors that cause this difference 
are diverse and complex. Although latitude and longi-
tude information is included in the conventional method, 
it cannot effectively reduce the errors caused by geo-
graphic differences due to the non-monotonic changes 
of observables with respect to the location along latitude 
and longitude. Fortunately, the geographical differences 
of CYGNSS observables are regular and stable. In small 
areas, the fluctuations of CYGNSS observables become 
smooth and small. Therefore, an improved GNSS-R wind 
speed retrieval method is proposed, which divides the 
sea surface into several independent areas according to 
the geographical differences of CYGNSS observables. 
In each area, CYGNSS observables vary monotonically 
with longitude, and wind speeds are retrieved indepen-
dently. In addition, to correct the error caused by the low 
occurrence of the high wind samples, the random train-
ing samples and resampled training samples are used for 
wind speed retrieval in each area, respectively. Although 
this resampling method can improve the accuracy of high 
wind speeds retrieval, the accuracy of low wind speeds 
retrieval is reduced. To balance between the retrieval 
accuracies for high and low wind speeds, the results with 
the random training samples and the resampling samples 
are fused.

Table 2 The wind speed retrieval performance in each area

Area Conventional method Improved method

RMSE (m/s) Correlation 
coefficient

RMSE (m/s) Correlation 
coefficient

Area-1 1.44 0.88 1.32 0.90

Area-2 1.42 0.87 1.28 0.89

Area-3 1.54 0.85 1.35 0.89

Area-4 1.46 0.87 1.28 0.90

Area-5 1.42 0.87 1.26 0.90

Area-6 1.39 0.85 1.17 0.90

Area-7 1.26 0.86 1.09 0.90

Area-8 1.46 0.86 1.27 0.90

Area-9 1.42 0.87 1.30 0.89

Area-10 1.50 0.84 1.31 0.88

Area-11 1.53 0.85 1.26 0.90

Area-12 1.57 0.87 1.25 0.91

Area-13 1.77 0.87 1.42 0.92

Area-14 2.14 0.82 1.75 0.88

Area-15 1.81 0.83 1.53 0.89

Area-16 1.69 0.86 1.44 0.90

Area-17 1.75 0.84 1.50 0.89

Area-18 1.63 0.86 1.38 0.90

Area-19 1.57 0.85 1.34 0.90

Area-20 1.73 0.85 1.53 0.88

Area-21 1.67 0.84 1.45 0.89

Area-22 1.49 0.85 1.33 0.89

Table 3 Brief information about buoys and wind speed retrieval performance

Buoy ID Lon (°E) Lat (°N) DIST (km) Number of 
matchups

Conventional model Improved model

RMSE (m/s) R RMSE (m/s) R

41009 − 81.18 28.50 34 986 1.35 0.82 1.31 0.83

41013 − 77.76 33.44 50 1602 1.35 0.90 1.27 0.91

42040 − 88.23 29.20 75 657 1.21 0.67 1.20 0.68

41010 − 78.48 28.87 200 422 0.81 0.89 0.76 0.90

51000 − 153.79 23.52 380 705 1.18 0.88 1.10 0.87
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Compared with the conventional method, the 
improved method shows better performance at both 
low wind speeds and high wind speeds. In the range 
of 0–20  m/s, the RMSEs and Rs of the conventional 
method and the improved method are 1.52 m/s, 1.34 m/s 
and 0.86, 0.90, respectively In the range of 20–30  m/s, 
the RMSEs and Rs of the conventional method and the 
improved method are 8.07 m/s, 4.06 m/s and 0.04, 0.45, 
respectively. In all independent areas, the improved 
method shows better retrieval performance, with RMSEs 
decreasing from (1.26–2.14 m/s) to (1.09–1.75 m/s) and 
Rs increasing from (0.82–0.88) to (0.88–0.92). In conclu-
sion, the results demonstrate that the improved method 
has a better performance for wind speed retrieval.

As we observed, CYGNSS observables are moder-
ately correlated with marine gravity in some regions. 
However, many unknown factors such as the physi-
cal properties of seawater and the performance of the 
instrument may also affect the observables as shown in 
previous studies (Chen et al., 2022; Wang et al., 2021). 
Exploring these unknown factors can not only improve 
the performance of ocean wind speed retrieval but also 
provide a broader application prospect for GNSS-R. In 
addition, although the results obtained above show that 
the observables can only reflect the large-scale grav-
ity variation in some regions, it can provide the possi-
bility of using GNSS-R for marine gravity retrieval in 
the future. Of course, to obtain a better marine gravity 
retrieval using GNSS-R, it is necessary to exclude the 
influence of other factors. It is quite challenging to use 
GNSS-R for marine gravity retrieval and requires fur-
ther research both experimentally and theoretically.
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