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ABSTRACT
With growing global demand for clean energy, offshore wind resource assessment is crucial. This study com‑

prehensively utilizesmulti‑source Synthetic ApertureRadar (SAR) satellite data, including European Sentinel‑1 and
Chinese Gaofen‑3 satellites, along with in‑situ wind mast measurements, to systematically assess the wind energy
resources in the offshore area of Zhuanghe, Liaoning Province, China, from 2017 to 2022. Sea surface wind ϐields
were retrieved throughdata preprocessing, polarization conversion, geophysicalmodel inversion, andmulti‑source
data fusion. By coupling a vertical extrapolation model that accounts for sea state effects, the 10‑m wind speeds
were extrapolated to turbine hub heights of 40m, 80m, and 100m, enabling the calculation of key wind energy
parameters such as wind speed and wind power density. Results indicate that at 100m height, the annual average
wind speed is 6.40m·s−1 and the annual averagewind power density is 312.8W·m−2, corresponding towind class 2.
Wind speeds are higher in spring and winter and lower in summer and autumn, with prevailing northerly winds.
Compared with ERA5 reanalysis data, SAR data offer advantages including high spatial resolution, rich historical
records, and superior local accuracy, making them suitable for detailed offshore wind resource assessment. This
research ϐills the gap in high‑precision wind energy evaluation under complex meteorological and data‑scarce con‑
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1. Introduction
In recent years, the global demand for clean and re‑

newable energy has been on a continuous upward tra‑
jectory, driving a rapid acceleration in wind energy de‑
velopment. Among various wind energy forms, offshore
wind energy has attracted extensive attention as it offers
distinct advantages, such as higherwind speed,more sta‑
ble wind resources and reduced land use conϐlicts [1, 2].
However, accurate assessment of wind resources is cru‑
cial for the successful planning, design and operation of
wind energy projects. Synthetic Aperture Radar (SAR)
satellites havebecomeapotent tool forwind resource as‑
sessment, particularly in offshore regions where in‑situ
measurements are scarce and challenging to obtain [3, 4].
SAR sensors can capture high‑resolution images of the
Earth's surface, enabling the retrieval of wind ϐields over
vast oceanic areas with a spatial resolution of approxi‑
mately 200 m [5].

One of the widely adopted methods for retrieving
wind speed from SAR images is based on the Geophys‑
ical Model Functions (GMFs). The GMFs establish a
quantitative relationship between the radar backscatter
measured by SAR sensors and sea‑surface wind speed
and direction [6]. The ϐirst‑generation GMFs, such as
the CMOD4 and the CMOD5, which were initially devel‑
oped for scatter‑meter data, have been successfully used
for SAR data [7, 8]. Both CMOD4 and CMOD5.N are C‑
bandGeophysicalModel Functions (GMFs) developed by
the Royal Netherlands Meteorological Institute (KNMI).
They are used to establish the empirical relationship be‑
tween the backscatter coefϐicients measured by space‑
borne scatter‑meters and the sea surface 10mwind vec‑
tors. CMOD4, developed based on ERS‑1 data, is suit‑
able for wind speeds ranging from 0 to 24 m·s−1 and
supports wind retrieval for early ERS series satellites;
CMOD5.N, as its upgraded version, features optimized
neutralwindoutput and improvedaccuracy inhighwind
speed ranges, is compatible with the ASCAT scatter‑
meter, can retrieve wind speeds from 0 to 30 m·s−1, and

is widely applied in operational wind ϐield retrieval, ex‑
tremewind conditionmonitoring, and offshore wind en‑
ergy assessment. These early GMFs generally assume
a neutral atmospheric boundary layer and a fully devel‑
oped sea state. Subsequent improvements, such as the
CMOD5.N for near‑shore areas and non‑neutral stratiϐi‑
cation [9] and theVV‑polarizationGMF for Sentinel‑1 SAR
data under high‑wind conditions [10], aim to account for
more complex scenarios. Accurate wind direction infor‑
mation is vital forwind velocity retrieval using the GMFs.
Wind direction data can be sourced from numerical
weather prediction (NWP) models, buoy measurements
and SAR images. Analyzing wind streaks and Bragg
waves in SAR images is a common method for wind di‑
rection retrieval [11]. Additionally, polarimetric SAR data
can provide more detailed information about the polar‑
ization state of radar backscatter to infer wind direc‑
tion [12], although it requires more advanced processing
algorithms compared with single‑polarization data. Ma‑
chine learning techniques have gained increasing popu‑
larity in SARwind retrieval. Algorithms such as artiϐicial
neural networks and support vector machines can learn
the complex relationship between SAR backscatter and
wind speed or directionwithout relying on explicit phys‑
ical assumptions [13–15]. These approaches have shown
great potential in improving retrieval accuracy, espe‑
cially in complex coastal and nearshore regions. How‑
ever, they demand a large amount of training data, are
computationally intensive and often suffer from inter‑
pretability issues.

Several SAR satellites serve as important data
sources for wind resource assessment. The data from
the Sentinel‑1 mission, which was launched by the Eu‑
ropean Space Agency (ESA) in 2014, are widely used.
Comprising Sentinel‑1A and Sentinel‑1B, the Sentinel‑
1 mission operates in a sun‑synchronous polar orbit,
providing data with global coverage at high temporal
resolutions (6 days or 3 days for dual satellite oper‑
ation) and spatial resolution (5 m in Strip‑map mode
and 20 m in Interferometric Wide Swath mode) [16]. Its
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freely available data through the Copernicus Open Ac‑
cess Hub has been utilized in numerous offshore wind
resource studies [17, 18]. RADARSAT‑2, a Canadian SAR
satellite launched in 2007, offers various imagingmodes
with different resolutions, swath widths and polariza‑
tion options. RADARSAT‑2 SAR data have been used
for wind resource assessment in regions such as the
Canadian Arctic and coastal areas [19, 20], and its multi‑
polarization capabilities are useful in complex environ‑
ments. The Advanced Land Observing Satellite‑2 and
Daichi‑2, launched by the Japan Aerospace Exploration
Agency in 2014, carry Phased Array type L‑band Syn‑
thetic Aperture Radar (PALSAR‑2) sensors with a high
spatial resolution of up to 3 m. Although mainly de‑
signed for terrestrial observations, their data have also
been applied towind resource assessment in coastal and
off‑shore regions [21], and the L‑band frequency of the
PALSAR‑2 sensor provides better cloud and vegetation
penetration. Other SAR satellites, such as the Chinese
Gaofen‑3 (GF‑3) satellite [22, 23] and the Indian RISAT‑1
and RISAT‑2 satellites [24], have also made contributions
towind resource assessment in speciϐic areas or on a lim‑
ited scale.

Validating SAR wind retrievals is of critical impor‑
tance. In‑situ measurements from buoys, masts and
ships are commonly used as reference data. Statisti‑
cal metrics, including root‑mean‑square error (RMSE),
mean absolute error (MBE), mean bias (MB) and corre‑
lation coefϐicient (R), are employed to evaluate the accu‑
racy of SAR wind retrievals. In open ocean areas, SAR
wind retrievals typically exhibit an RMSE of about 1‒2m
s−1 and a bias of less than ±1 m s−1. However, in coastal
regions, the accuracy may decrease due to various com‑
plex factors [25–28]. Comparing SAR wind retrievals with
NWP model outputs is another common validation ap‑
proach. While NWP models can simulate atmospheric
states andwind ϐields, they also have inherent uncertain‑
ties. In some cases, SAR retrievals can offer more ac‑
curate local wind pattern information, especially in ar‑
eas where NWP models struggle to resolve small‑scale
features [29, 30]. Inter‑comparing different SAR products
from the same or different satellites with each other
can help identify the strengths and weaknesses of algo‑
rithms anddata sources. Such comparisons have demon‑

strated good agreement in open ocean areas but re‑
vealed differences in coastal regions and under certain
weather conditions [31–34].

The SAR has been widely applied in wind resource
assessment due to its ability to provide high‑resolution,
spatially continuous observations of near surface wind
ϐields over ocean surfaces [35–38]. In offshore wind farm
planning, SAR data support the identiϐication of suit‑
able locations by characterizing wind resource availabil‑
ity, temporal variability, and environmental constraints.
Additionally, SAR data aid in optimizing wind turbine
layout to maximize energy yield and mitigate wake
losses [39–42]. Forwind resourcemonitoring and forecast‑
ing, the SAR enables continuous monitoring of wind re‑
sources in offshore areas, which is beneϐicial for opera‑
tional optimization, maintenance scheduling, and power
output management. Furthermore, SAR data can also be
assimilated into NWP models to enhance the accuracy
of wind forecasts [38, 43–45]. In remote or data sparse ar‑
eas, such as the Arctic region and open oceans where
in‑situ conventional measurements are scarce, the SAR
serves as a valuable tool for evaluatingwind resource po‑
tential, especially over large ice covered and open water
surfaces [46–48].

Despite signiϐicant advancements in SARwind ϐield
retrieval technology worldwide, the application of its
retrieval results in engineering practice remains rela‑
tively limited in China. As a key area for offshore wind
power planning in northern China, the offshore waters
near Zhuanghe City, Liaoning Province, are a typical
data scarce region: restricted by terrain and located 10–
50 km offshore, coastal conventional meteorological sta‑
tions fail to provide sufϐicient coverage, while offshore
buoy observations suffer from short monitoring periods
and poor data continuity. Additionally, mesoscale re‑
analysis data such as ERA5 cannot capture local wind
ϐield distortions due to insufϐicient resolution, making
it difϐicult to meet engineering accuracy requirements.
Furthermore, this area features unique marine meteo‑
rological conditions characterized by the superposition
of a temperate monsoon climate and the Yellow Sea en‑
vironment, the conϐluence of the Yellow Sea Warm Cur‑
rent and coastal cold water masses, and fragmented ter‑
rain, resulting in a complex wind ϐield pattern. Cur‑
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rently, there is a severe lack of research on SAR wind
ϐield retrieval and veriϐication for such scenarios, com‑
bining ”data scarcity and complex meteorological condi‑
tions” in this region, aswell as a shortageof suitable high‑
precision wind resource assessment results to support
local offshore wind power development. Based on this,
relying on the latest achievements in SAR‑basedwind re‑
source assessment, this study focuses on a detailed case
analysis of the offshore waters near Zhuanghe. It not
only ϐills the scientiϐic gaps and engineering data bottle‑
necks inhigh‑precisionwind resource assessment under
complex environments in this region, providing reliable
support for localwind farm site selection and power gen‑
eration calculation, but also offers replicable experience
for the application of SAR technology in similar offshore
areas in northern China, promoting the widespread im‑
plementation of SAR data in wind resource assessment.

2. Materials and Methods

2.1. Study Area

The research region in this study is in the off‑
shore area of Zhuanghe City, administered by Liaoning

Province, China (Figure 1). Geographically, it lies on the
southern coast of the eastern Liaodong Peninsula, along
the northern margin of the Yellow Sea. This region falls
within the northern temperate zone and is characterized
by a warm temperate humid continental monsoon cli‑
mate with distinct maritime inϐluences. The climate fea‑
turesmild conditionswith four distinct seasons, a strong
concurrence of heat and precipitation during summer,
concentrated rainfall events, ample sunshine, and pre‑
vailing monsoonal wind. The average diurnal temper‑
ature range remains below 10 °C throughout the year.
The Zhuanghe offshore area is a shallow inland sea, with
marked seasonal variations in sea surface temperature.
In summer, the average surface water temperature is ap‑
proximately 26.3 °C, while in winter, it can drop to as
low as −2.7 °C. The main types of submarine landforms
are shallowmarine zones and shallow sea accumulation
plains. The area within the 0–10 m isobaths is 10 km
wide, featuring a ϐlat and homogeneous seabed. Beyond
this depth, the seaϐloor is composed primarily of under‑
water accumulation plainswith smooth topography, pro‑
viding highly favorable conditions for the construction of
offshore wind farms.

Figure 1. Map of the study area.
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2.2. Data Collection and Processing

2.2.1. Multi‑Source SAR Satellite Data
This study primarily utilizes the datasets acquired

from the Sentinel‑1 SAR satellite, Gaofen‑3 (GF‑3) satel‑
lite, and the C‑band Synthetic Aperture Radar (SAR)
satellite series for analysis.
(1) Gaofen‑3 Satellite

The GF‑3 satellite is the ϐirst high‑resolution C‑
band SAR satellite developed for civilian applications in
China'sHigh‑resolutionEarthObservationSystemmajor
project. It is capable of acquiring SAR imagery with a
spatial resolution of 1 m, features high resolution and
supports multiple polarization modes, a wide range of
imaging conϐigurations and extended operational dura‑
tion. The GF‑3 SAR payload exhibits advanced features
including multi‑polarization imaging, large‑aperture an‑
tenna design, high power and radiometric resolution
better than 2 dB. Its continuous imaging capability of
up to 50 min and integrated internal/external calibra‑
tion functions enhance its utility for quantitative appli‑
cations. The satellite provides C‑band SAR imagery with
spatial resolutions ranging from 1m to 500m and swath
widths between 10 km and 650 km. Under optimal con‑
ditions, its radiometric accuracy can reach up to 1 dB.
(2) C‑SAR Satellite

The C‑SAR satellites (C‑SAR‑01 and C‑SAR‑02) are
two operational follow‑on satellites to the GF‑3 satellite
and represent the ϐirst Chinese operational SAR satellites
in orbit. These satellites carry advanced C‑band multi‑
polarization SAR payloads and incorporate several perfor‑
mance enhancements, including an integrated Automatic
Identiϐication System signal reception system, improved
spatial resolution and observation swath width in the
wave mode, enhanced capabilities for ocean wave moni‑
toring, extended daily observation duration, and improved
operational efϐiciency and availability.

The satellites support global observation coverage,
with real‑time imaging spanning latitudes 5°S to 50°N
and longitudes 70°E to 150°E. In single‑satellite opera‑
tion, the aver‑age revisit cycle is less than 3 days in the
single side‑looking mode. Under the dual‑side‑looking
mode at a 10 m resolution and a 100 km imaging swath,
90% of the real‑time observation area has a revisit cycle

of less than 1.5 days. When operating as a three satel‑
lite constellation, the average revisit cycle is reduced to
less than 1 day in the single‑side‑lookingmode, and 90%
of the coverage area has a revisit cycle of less than 18 h
in the dual‑side‑looking mode at a 10 m resolution and
a 100 km swath. The constellation operates in a nom‑
inal 29‑day repeat orbit (418 orbital tracks), ensuring
systematic and reliable Earth observations.
(3) Sentinel‑1 Satellite

The Sentinel‑1 satellite series, the successors to the
ERS‑1/2 and EnviSat missions, form a critical compo‑
nent of the ESA's Copernicus Program for global envi‑
ronmental and security monitoring. The constellation is
planned to consist of four near‑polar sun‑synchronous
satellites: Sentinel‑1A, Sentinel‑1B, Sentinel‑1C and
Sentinel‑1D. Sentinel‑1A and Sentinel‑1B satellites were
successfully launched on April 3, 2014 and April 25,
2016, respectively. The sentinel‑1C satellite was sched‑
uled for launch in the ϐirst half of 2023, while the
Sentinel‑1D satellite is not yet on the launch schedule.
Each satellite is equipped with a C‑band SAR operating
at a frequency of 5.405 GHz and follows a near‑polar
sun‑synchronous orbit with a 12‑day repeat cycle. The
orbital period is 98.74 min. The ascending pass (cross‑
ing the northbound equator) occurs at approximately
18:00 local time, while the descending pass (crossing the
southbound equator) occurs at around 06:00 local time.
(4) Collection and Statistics of Satellite Data

In this research, a total of 600 samples of SAR im‑
ages of the target area in the Zhuanghe offshore waters
are obtained (Table 1). Speciϐically, there are 157 sam‑
ples in 2017, 174 samples in 2018, 245 samples in 2019,
132 samples in 2020, 205 samples in 2021 and 50 sam‑
ples in 2022.
2.2.2. Retrievals of Sea SurfaceWind Fields

from SAR Data
The retrieval of sea surface wind ϐields based on

SAR data is a method that employs microwave remote
sensing technology to obtain high‑resolution informa‑
tion on sea surface wind speed and wind direction. The
core processes of this method include data preprocess‑
ing, polarization transformation, the application of geo‑
physicalmodels, winddirectiondeblurring and accuracy
veriϐication (Figure 2). The speciϐic steps are as follows.

146



Sustainable Marine Structures | Volume 08 | Issue 01 | March 2026

Table 1. Distribution of the years and months of the images used for the assessment of offshore wind energy resources in
Zhuanghe.

Figure 2. Flow chart of the retrieval of Synthetic Aperture Radar (SAR) sea surface wind.

(1) Data Preprocessing

• Radiometric Calibration◆

Convert the gray values (DN) of the raw SAR im‑
ages to normalized radar backscatter coefϐicients (σ⁰).
For different satellites (such asGF‑3 and Sentinel‑1), spe‑
ciϐic calibration formulas are used. For example, the for‑
mula [49] for the GF‑3 satellite is:

σ0 = DN2

(
M

65535

)2

−N [dB] (1)

whereM denotes the external calibration factor, andN is
a constant.
• Land Masking

Use the ETOPO1 topographic data to generate a bi‑

nary land‑seamask, eliminate land areas, and retain only
ocean pixels.
• Noise Reduction Processing

Employ the enhancedLee ϐiltering algorithm to sup‑
press speckle noise. Divide the image into uniform re‑
gions, weak texture regions and non‑uniform regions ac‑
cording to the local standard deviation coefϐicients, and
separately perform mean ϐiltering or retain the original
values.
• Bright Target Removal

Detect bright targets such as ships through the
Constant False Alarm Rate algorithm. Set the back‑
ground window and protection window, calculate detec‑
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Years Sample Size Monthly Sample Size
Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

2017 157 8 7 14 15 14 15 13 15 15 17 13 11
2018 174 15 14 12 17 13 15 12 16 15 15 15 15
2019 245 21 14 25 20 27 21 24 21 16 19 16 21
2020 232 15 18 20 18 19 20 22 20 21 22 18 19
2021 205 14 13 15 15 9 17 24 20 19 21 20 18
2022 50 5 5 5 5 5 4 2 3 4 6 5 1
Total 1063 78 71 91 90 87 92 97 95 90 100 87 85

◆

◆

◆
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tion thresholds using the Gaussian distribution model,
and mark and remove abnormal pixels.
(2) Polarization Conversion

For HH‑polarized SAR data, it is necessary to con‑
vert it into equivalent VV‑polarized data through a po‑
larization ratio model (such as the Elfouhaily model), as
shown in Equation (2).

PRElfouhaily =

(
1 + 2 tan2 θ

)2(
1 + 2 sin2 θ

)2 (2)

where θ represents the radar incident angle. The po‑
larization ratio model ensures the applicability of the
CMOD seriesmodels, which are only applicable to VV po‑
larization.
(3) Retrieval Through Geophysical Model Func‑

tions

Use the semi‑empirical model CMOD5.N to relate
σ0, θ, relative wind direction (φ) and wind speed (u₁₀),
as shown in Equation (3).

σ0
VV = B0 (θ, u10)

[
1+ B1 (θ, u10) cosφ+

B2 (θ, u10) cos 2φ
]n (3)

where B0, B1, and B2 indicate the coefϐicients related to
the wind speed and the incident angle, and φ denotes
the angle between thewind direction and the radar sight
line. The model is adjusted and optimized with 28 coef‑
ϐicients and is suitable for the retrieval of medium and
high wind speed.
(4) Wind Direction Deblurring

• Wind Stripe Analysis

In terms of SAR images with wind stripes (formed
by the periodic variations of sea surface roughness), the
Local Gradient method is used to extract the initial wind
direction, in order to solve the 180° ambiguity problem.
• External Data Assistance

If wind stripes are not available, wind direction
information is obtained by interpolating scatterometry
data (e.g., Advanced scatterometry data ) or numerical
simulations (such as the ERA5 product).
(5) Multi‑Source Data Fusion

Combine themulti‑source SARsatellite data (2017–
2022) from the Sentinel‑1, GF‑3, C‑SAR and other satel‑

lites, which cover different temporal and spatial resolu‑
tions, to enhance the continuity and regional representa‑
tiveness of wind ϐield series. For instance, the Interfero‑
metric Wide Swath mode of the Sentinel‑1 satellite pro‑
vides data with a swath width of 250 km, and the GF‑3
satellite supports observations with resolutions ranging
from 1 m to 500 m.
2.2.3. Sea Surface Wind Speed Vertical Ex‑

trapolation Method
The purpose of this subsection is to address the is‑

sue that the sea state effect is not considered in the cur‑
rent sea surface wind speed vertical extrapolation tech‑
nology. With reference to the research ϐindings of Nie
and Li [50], a statistical model‑based parameterization
method for the sea surface roughness length is proposed
and coupled with the logarithmic wind proϐile scheme,
so as to achieve high‑precision vertical extrapolation of
wind speed at the reference height. The steps of this
method are as follows:

Step 1: The random wind speed sequence v0at a
single site at the reference height can be regarded as v0
= Vave + ΔV. Among them, the Vave is almost stable dur‑
ing the service life of wind turbines, and the ΔV can be
regarded as a random sequence reϐlecting the effects of
short‑term weather patterns and turbulent ϐluctuations.

Step 2: The marine atmospheric boundary layer
exerts a profound inϐluence on the wind speed proϐile
mainly through its thermal stratiϐication state and sea
state. The stability of the atmospheric boundary layer
can be divided into seven categories: very stable, sta‑
ble, near‑neutral/stable, neutral, near‑neutral/unstable,
unstable, and very unstable. For most of the time, the
marine atmospheric boundary layer is in a neutral or
near‑neutral stratiϐication state. Therefore, under the as‑
sumption of neutral stratiϐication, the logarithmic wind
speed proϐile can be used to extrapolate the wind speed
at height z from v0, as shown below:

v(z)

v0
=

ln(z)− ln (z0)

ln10− ln (z0)
(4)

The sea surface roughness length z0can be ex‑
pressed as z0 = z0∗u

2
∗/g, where g is the gravitational

acceleration, friction velocity u∗is the friction velocity,
and α is the Charnock parameter, which takes a value
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of 0.011 for open ocean areas. The u∗ depends on the
wind speed v0 and the drag coefϐicient Cd. Previous stud‑
ies have shown that the sea surface roughness length is
mainly related to wind speed and wave age, and z0 can
usually be written as z0 = z0∗f (Cd, u∗, v0) /g.

Step 3: Since it is still difϐicult to obtain the real‑
time distribution of sea wave age at the regional scale
at present, a practical approach is to parameterize the
statistical relationship (u2

∗ = f∗ (v0)) between u2
∗ and

v0based on in‑situ observations, in which the effect of
sea wave age is considered statistically. Then, the wind
speed adjustment factor in Equation (4) can be decom‑
posed into

v(z)

v0
= 1 + ζ (z, Vave) + ln

( z

10

)
Φ(∆V, Vave) (5)

ζ (z, Vave) =
ln(z)− ln(10)

ln(10)− ln (z0∗f∗(Vave)/g)
(6)

Φ(∆V, Vave) =
ln (f∗(Vave +∆V ))− ln(f∗(Vave))

[ln(10)− ln(z0∗f∗(Vave +∆V )/g)] [ln(10)− ln(z0∗f∗(Vave)/g)]
(7)

where ζ(z, Vave) reϐlects the effect of the long‑term
mean wind speed, and Φ(∆V, Vave) reϐlects the effect of
the short‑term wind speed deviation.

Step 4: To determine ζ(z, Vave) and Φ(∆V, Vave),
based on the expression of u2

∗, this is converted to de‑
termining the statistical relationship between the drag
coefϐicient Cd and v0. Based on the experimental results,
f∗(v0) can be expressed as f∗ (v0) = Av40 +Bv30 +Cv20 +

Dv0 + E. The unknown coefϐicients A, B, C, D and E are
determined via polynomial ϐitting, with their speciϐic val‑
ues as follows: A = −4.347 × 10−6, B = 2.732 × 10−4, C =
−2.760 ×10−3,D=2.042 × 10−2, E =−0.03576. Therefore,
ζ(z, Vave) can be derived using Equation (6).

Step 5: Φ(∆V, Vave) is further subjected to ratio‑
nal simpliϐication using f∗(v0) equation. Experimental
results show that for common long‑term mean offshore
wind speeds (ranging from 5 to 8 m/s), Φ(∆V, Vave)
is actually insensitive to Vave and Φ(0, Vave)is equal to
zero. Therefore, Φ(∆V, Vave) can be reasonably approx‑
imated as a linear function of kΔV, where k is a con‑
stant. In this study, the constant coefϐicient k is taken
as 0.0019 (m/s)−1, which is obtained via linear ϐitting.
The deviation of f∗(v0) caused by this simpliϐication is
usually less than 0.005, and the simpliϐication of f∗(v0)
will introduce a maximum deviation of 1% at most to
the wind speed at the wind turbine hub height (e.g., 100
m). That is to say, the deviation of the wind power den‑
sity (WPD) at a single site caused by the simpliϐication of
f∗(v0) is at most about 3%.

Step 6: By substituting Equation Φ(∆V, Vave) into
Equation (5), we obtain the wind speed at height z,
namely:

v(z)

v0
= 1 + ζ (z, Vave) + kln

( z

10

)
∆V (8)

2.2.4. Probability Distribution Model of
Wind Speed

Typically, wind velocity in nature has relatively
large ϐluctuations. In order to grasp the average sit‑
uation of wind velocity as comprehensively as possi‑
ble, a large number of measurements is often required
for analysis, and it is particularly cumbersome to do
statistics and collation of observations. Therefore, some
scholars have proposed using probability density func‑
tions to describe wind speed frequency distributions.
These probability density functions include the Rayleigh
distribution, the three‑parameter Weibull distribution
and the two‑parameter Weibull distribution. Numerous
studies have shown that the two‑parameter Weibull dis‑
tribution function is more suitable for describing wind
speed frequency distributions, and its mathematical ex‑
pression can be written as:

f(v) =
k

c

(v
c

)k−1

exp
[
−
(v
c

)k
]
(v > 0) (9)

where f (v) represents the occurrence probability of wind
speed v, and candkdenote the scale andshapeparameters
of the Weibull distribution, respectively. The probability
distribution of wind speed is shown in Figure 3.
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Figure 3. Weibull probability density curve.

2.2.5. In‑Situ Measurements
In this study, the measurements from three wind

measurement towers in the study area are collected to
validate the ϐindings of wind resource data. Limited
by the temporal mismatch between the in‑situ measure‑

ment data and the partial time series of SAR in this study,
we conducted representative year correction for the two
datasets separately before performing comparative ver‑
iϐication. The speciϐic information on the wind measure‑
ment towers is shown in Table 2:

Table 2. Basic information on the three wind measurement towers.
Sites Longitude/Latitude Height Observation Period

Mast 4# 123.320°E/39.593°N 10 m, 40 m, 60 m, 70 m, 80 m, 90 m 2015.11.16–2017.11.13
Mast 5# 123.203°E/39.509°N 10 m, 40 m, 60 m, 70 m, 80 m, 90 m 2015.11.16–2017.11.16
Mast 6# 123.297°E/39.399°N 10 m, 40 m, 60 m, 70 m, 80 m, 90 m 2015.11.16–2017.11.16

2.3. Assessment Metrics

Three assessment metrics are used to evaluate
the SAR‑derived retrievals (Mi) based onmeteorological
mast measurements (Gi): (1) correlation coefϐicient (R),
which is used to assess the quality of data ϐitting; (2)
mean bias (MB), whichmay be positive (overestimation)
or negative (underestimation) and is used to for compar‑
ison between SAR‑derived retrievals and site measure‑
ments; (3) root mean square error (RMSE), which mea‑
sures the change in the calculated values relative to site

measurements. The three indicators can be calculated
through Equations (10)–(12):

R =

∑n
i=1

(
Gi −G

) (
Mi −M

)√∑n
i=1 (Gi −G)

2
√∑n

i=1

(
Mi −M

)2 (10)

RMSE =

√√√√ 1

N

n∑
i=1

(Gi −Mi)
2 (11)

MB =
1

N

n∑
i=1

(Mi −Gi) (12)
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where Mi and Gi denote the SAR‑derived retrievals and
in‑situ observations, respectively, and M and G repre‑
sent their respective means.

3. Results

3.1. Meteorological Conditions

3.1.1. Analysis of Wind Measurement
Tower Data

Understanding themeteorological background con‑
ditions of the study area is essential for interpreting the
spatial and temporal characteristics of wind resource
distribution. Based on the data from the wind mea‑
surement towers (Mast 4#, Mast 5#, and Mast 6#), a
comprehensive analysis is conducted on the monthly av‑
erages of air temperature, air pressure and relative hu‑
midity at the three observation towers (Figure 4). Air
temperature at all three masts exhibits a consistent sea‑
sonal cycle, characterized by cold winters and hot sum‑
mers. During the winter months (January, February and
December), the air temperature is relatively low, rang‑
ing between −5 °C and −1 °C. In the summer months
(June‒August), the air temperature is relatively high,
exceeding 20 °C, with the maximum monthly average
reaching 26.14 °C (Mast 4#). Air pressure varies with
the months, with higher values in winter and lower val‑
ues in summer. For example, at Mast 4#, the air pressure
from November to the following January ranges from
101.88 hPa to 102.33 hPa. In summer, air pressure is rel‑
atively low, which at certain towers ranges from 100.61
hPa to 100.88 hPa. Relative humidity shows an inverse
seasonal trend compared with air pressure, i.e., it is gen‑
erally higher in summer (exceeding 80% in some towers

). In winter, relative humidity is low. For instance, the
January average of the relative humidity at Mast 4# is
54.59%.

The variation trends of these meteorological ele‑
ments are broadly consistent across the three observa‑
tion towers, but there are certain differences in values,
which may be related to factors such as the speciϐic geo‑
graphic locations of the observation towers.
3.1.2. Air Density

Wind energy potential is jointly affected by wind
speed and air density. In offshore environments, where
air humidity is relatively higher than over land, conven‑
tional methods for calculating air density may introduce
relatively large errors. To address this, in this study,
the control equations of dry air and water vapor are
used jointly to calculate air density. The calculation re‑
sults are shown in Figure 5, which presents themonthly
air density of three observation towers (Mast 4#, Mast
5# and Mast 6#). The results indicate that the air den‑
sity at the three observation towers shows similar sea‑
sonal variations, with higher values in winter (approx‑
imately 1.300‒1.325 kg·m−3) and lower values in sum‑
mer (around 1.150‒1.175 kg·m−3 during June‒August).
Although the general trends are similar, slight differ‑
ences exist in air humidity values among the towers,
and the values at Mast 4# are generally slightly higher
than those at the other two towers. The curve of the
monthly site averages reϐlects the overall monthly ϐluc‑
tuation trend, and the overall average in all months and
at all sites remains at a relatively stable level of approx‑
imately 1.230 kg·m−3, which can be used as a reference
for the average air density.
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Figure 4. Monthly averages of temperature, air pressure, and relative humidity at (a) Mast 4#, (b) Mast 5#, and (c) Mast 6#.

Figure 5. Monthly average air density at Mast 4#, Mast 5# and Mast 6#.
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3.2. Assessment of SAR‑Derived Wind En‑
ergy

3.2.1. Vertical Extrapolation ofWind Speed
to Turbine Hub Height

The sea‑surface wind speed retrieved based on
satellite remote sensing data is only available at a height
of 10m. However, for wind energy applications, it is nec‑
essary to extrapolate retrieved results to the turbine hub
height, typically around 100m. Based on the method
proposed by Nie and Li [50], this study performs verti‑
cal extrapolation of SAR‑derived sea‑surfacewind speed
to various heights. A monthly analysis of the overall
wind energy situation in the Zhuanghe offshore area
(122.5° E‒124.0° E, 38.5° N‒40.0° N) is conducted based
on the SAR‑retrieved wind ϐield products during 2017–
2022 (Table3). Thedata for eachmonth are ϐittedwith a
Weibull distribution, and theWeibull scale and shape pa‑
rameters are estimated based on these monthly data. In
addition, the above‑mentioned two parameters are used
to calculate the characteristic elements of wind energy.
Table 3 presents the average wind speed, the maximum
wind speed, wind power density, and the Weibull scale
and shape parameters at different heights of 10 m, 80 m
and 100 m for each month.
3.2.2. Validation with Station Measure‑

ments
To verify the reliability of the vertical extrapola‑

tion, the extrapolated SARwind speed is compared with
the in‑situ measurements from the wind measurement
towers. Figure 6 shows the comparison results of the
monthly average wind speed between SAR‑derived and
the observation tower data at different heights. The re‑
sults indicate that the deviations between these twodata
types at the heights of 10 m, 40 m, 80 m and 100 m are
0.07, 0.2, 0.15 and 0.22, respectively, and all are positive
values (SAR‑derived dataminusmeasurements), i.e., the
monthly averagewind speed obtained from the SARdata
is higher than that obtained from theobservation towers.
The root mean square errors between the SAR‑derived

and observed wind speed at the heights of 10 m, 40 m,
80 m and 100 m are 0.30, 0.37, 0.38 and 0.54, respec‑
tively. The largest deviation appears at a height of 100
m (0.54m·s−1), and the rootmean square errors at other
heights are all less than 0.40 m·s−1. The correlation co‑
efϐicients between these two data types at the heights of
10m, 40m, 80mand 100mare 0.96, 0.90, 0.85 and 0.73,
respectively. The correlation is signiϐicant at the 0.05
level (p < 0.05) (Table 4). Moreover, the above three
assessment indicators demonstrate a declining trend in
indicating accuracy with increasing height, which is pri‑
marily attributed to the uncertainties introduced during
the vertical extrapolation of wind speed.
3.2.3. Monthly Variations in the SAR‑

DerivedWindSpeedandWindPower
Density

In this section, we examine the monthly variations
in the SAR‑derived wind speed and wind power density
at different heights, as shown in Figure 7. The results
indicate that the temporal variations in wind power den‑
sity closely follow those of both the average and max‑
imum wind speed across all four heights. Speciϐically,
the three elements begin to rise in January, reach the
ϐirst peak in February, then decrease to a minimum in
June and July, and subsequently increase again, peaking
in November. A slight decline is observed in December.

Furthermore, Figure 8 displays the comparison
of the monthly wind power density among different
heights. It can be found that the monthly wind power
density increases with height, consistent with the gen‑
eral increase in wind speed with altitude. Throughout
the year, the wind power density is the lowest in June
or July, exhibiting a left‑right symmetrical distribution
(double‑peak pattern). Speciϐically, at 10 m height, the
wind power density falls below 100 W·m−2 in June and
July but remains above this value in the othermonths. At
40‑m height, the wind power density drops below 150
W·m−2 in June and July, and it is higher than 150 W·m−2

in the other months. At heights of 80 m and 100 m, the
wind power density is higher than 150 W·m−2.
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Table 3. Average wind speed (Vmean), maximum wind speed (Vmax), wind power density (WPD) and Weibull Parameters at
different heights.
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Month Height (m) Vmean

 

(m·s−1) Vmax

 

(m·s−1) WPD

 

(W·m−2)
Weibull Parameters
k c

 

(m·s−1)

Jan

10 6.30 9.15 267.99 2.40 7.10
40 6.44 9.37 287.31 2.39 7.26
80 6.52 9.48 298.35 2.39 7.36

100 7.39 9.52 302.29 2.39 7.39

Feb

10 6.37 9.67 294.93 2.19 7.20
40 6.63 10.05 331.25 2.19 7.48
80 6.88 10.46 372.52 2.19 7.77

100 6.97 10.59 386.64 2.19 7.87

Mar

10 5.39 8.52 186.77 2.03 6.08
40 6.11 9.81 279.52 1.98 6.89
80 6.32 10.18 311.22 1.97 7.13

100 6.46 10.41 333.03 1.97 7.29

Apr

10 4.63 7.22 112.92 2.08 5.22
40 5.53 8.78 198.58 2.01 6.24
80 5.99 9.55 254.20 2.00 6.76

100 6.95 9.82 276.24 2.01 6.95

May

10 4.74 6.93 105.95 2.37 5.35
40 5.45 8.00 162.08 2.35 6.15
80 5.85 8.59 200.57 2.35 6.60

100 5.99 8.80 215.89 2.34 6.76

Jun

10 4.28 6.76 86.60 2.04 4.83
40 4.84 7.69 126.78 2.01 5.46
80 5.16 8.22 154.20 2.01 5.82

100 5.26 8.36 162.93 2.01 5.93

Jul

10 4.31 6.79 87.52 2.05 4.87
40 4.84 7.66 125.13 2.03 5.47
80 5.13 8.12 149.03 2.03 5.79

100 5.23 8.29 158.19 2.03 5.91

Aug

10 5.07 7.31 121.65 2.44 5.72
40 6.19 7.49 154.93 2.42 6.19
80 5.71 8.27 174.77 2.41 6.44

100 5.78 8.38 181.77 2.41 6.52

Sept

10 5.61 8.30 176.33 2.30 6.33
40 5.95 8.83 211.44 2.29 6.72
80 6.13 9.11 231.67 2.29 6.92

100 6.19 9.20 238.31 2.28 6.98

Oct

10 6.04 9.58 258.44 2.02 6.82
40 6.34 10.10 300.48 2.00 7.15
80 6.50 10.36 324.56 2.00 7.33

100 6.53 10.45 331.78 1.99 7.37

Nov

10 6.90 9.80 327.08 2.52 7.78
40 7.14 10.14 362.37 2.52 8.05
80 7.26 10.31 380.90 2.52 8.18

100 7.30 10.37 387.04 2.52 8.23

Dec

10 6.55 9.32 284.58 2.51 7.38
40 6.78 9.66 316.31 2.50 7.64
80 6.90 9.84 334.41 2.50 7.78

100 6.94 9.90 340.41 2.50 7.83
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Figure 6. Comparison of the monthly average wind speed between the SAR‑derived data (SAR) and the measurements (mast)
at Mast 4# at heights of 10 m, 40 m, 80 m and 100 m.
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Table 4. Statistical Parameters of SAR and Mast 4# Data at Different Heights

Figure 7. Monthly variations in wind speed and average wind power density at heights of (a)10 m, (b)40 m, (c) 80 m, and
(d)100 m.

Figure 8. Comparison of the monthly wind power density among heights of 10 m, 40 m, 80 m and 100 m.
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Statistical Parameters
Height (m)

100 80 40 10
Slope (m/s) 0.65 0.81 0.70 0.79

Intercept (m/s) 2.00 1.06 1.52 1.04
Bias (m/s) 0.22 0.15 0.20 0.07

RMSE (m/s) 0.54 0.38 0.37 0.30
Corr 0.73 (p < 0.05) 0.85 (p < 0.05) 0.90 (p < 0.05) 0.96 (p < 0.05)
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3.3. Analysis of Wind Energy Potential in
the Zhuanghe Offshore Area

3.3.1. Frequency Distributions of Wind
Speed andWind Direction

To further analyze the seasonal differences in wind
energy parameters (average wind speed, maximum
wind speed and wind power density), the wind speed
frequency distributions and the wind rose diagrams at
a height of 100 m are provided for each season, as
presented in Figure 9. The correlation coefϐicients of
all Weibull ϐittings exceed 0.98 and the correlation is
signiϐicant at the 0.01 level (p < 0.01). In terms of
wind speed frequency distributions, the wind speed fre‑
quency shows a good ϐit with the Weibull distribution
for each season, indicating statistical consistency in the
wind regime. The wind rose diagrams reveal that the
prevailing wind directions vary seasonally and follow
a counterclockwise rotational pattern throughout the
year.

In spring, the prevailing wind directions are rela‑
tively diverse in the Zhuanghe offshore area, mainly orig‑
inating from the western sector. The overall average
wind speed remains moderate. The prevailing wind di‑
rectionswith a proportion ofmore than8%arewesterly‑
southwesterly (WSW), southwesterly (SW), southerly‑
southwesterly (SSW) and southerly (S) wind. The wind
directions with frequencies of 6%–8% are westerly
(W), northwesterly (NW) and northerly‑northwesterly
(NNW) wind.

In summer, wind directions in the Zhuanghe off‑
shore area become more concentrated compared with
those in spring, and the average wind speed shows a
slight increase. In terms of the prevailing wind direc‑
tions, the frequencies of more than 11.4% appear in
southerly (S) and southerly‑southeasterly (SSE) wind.
The wind directions with frequencies of 5.7%–8.6% are
southeasterly (SE) and easterly‑southeasterly (ESE).

In autumn, the prevailing wind directions remain
concentrated, and the average wind speed is relatively
larger. Notably, three prevailing wind directions ex‑
hibit average wind speed above 11m·s−1: northerly
(N, 13.9%), northerly‑northwesterly (NNW, 12.8%) and
northwesterly (NW, 10%).

Winter displays the most concentrated prevail‑
ing wind direction pattern, and the main prevailing
wind directions are northerly‑northwesterly (NNW) and
northerly (N). Among them, the proportion of northerly‑
northwesterly wind is 19.6%, and the proportion of
northerly wind is 15.2%. Both directions feature aver‑
age wind speed exceeding 11 m·s−1.
3.3.2. Spatial Distribution of Wind Speed

The spatial distribution of wind resources is essen‑
tial for the effective planning and layout of wind farms.
Based on the spatial distribution maps of seasonal aver‑
agewind speed at the heights of 10mand100m (Figure
10), the following characteristics can be summarized.

The spatial distribution of the average wind speed
at the 10 m and 100 m heights shows distinct seasonal
characteristics. In spring, the 10 m average wind speed
is relatively low, with a high‑value area located in the
central‑northern region. At 100 m height, the average
wind speed increases, and the high‑value area expands.
In summer, the 10 m average wind speed is more scat‑
tered, with slightly higher values in the central region.
The 100m average wind speed increases overall, and its
central high‑value area becomes more prominent. In au‑
tumn, the 10 m average wind speed increases markedly,
with a high‑value area in the southern region. At 100
m, the average wind speed further increases, and its
high‑value area becomes even wider. In winter, the 10
m wind speed is relatively high, with a prominent high‑
value area in the southern part. At 100 m, the average
wind speed reaches its seasonal peak, and the high‑value
area expands further.

Overall, the wind speed distribution in the study
area is remarkably affected by seasonal climatic condi‑
tions and geographical factors. Across all seasons, the av‑
erage wind speed at the 100m height is higher than that
at the 10 m height, and spring and winter are peak sea‑
sons forwind energy. As height increases, the high‑value
range of wind speed tends to expand. The spatial distri‑
butionof averagewind speed and the location andextent
of high‑value wind speed areas are characterized by pro‑
nounced seasonal variations, reϐlecting the dynamic and
complex nature of the local wind ϐield as modulated by
seasonal atmospheric circulations.
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Figure 9. Wind speed frequency distributions and wind rose diagrams at a height of 100 m in different seasons.
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Figure 10. Spatial distribution of the average wind speed at the heights of 10 m and 100 m in different seasons.

159



Sustainable Marine Structures | Volume 08 | Issue 01 | March 2026

4. Discussion

4.1. Comparison of the Satellite‑Derived
Wind Product with the ERA5 Reanaly‑
sis Data

Based on the ERA5 data, we conduct a large‑scale
analysis of the offshore wind power density in the
Zhuanghe area. The ERA5 product is a global reanalysis
dataset provided by the ECMWF, which features strong
temporal continuity (updated hourly) and wide global
coverage. In this research, 11 years of the ERA5 data
from 2014 to 2024 are obtained for analyzing wind en‑
ergy.

The analysis indicates that the wind speed in the
Zhuanghe offshore area is stable. From the coast to the
open sea, the wind speed gradually increases, with an‑
nual average values of 6‒10 m·s−1. The wind speed
is relatively higher in spring and winter and relatively
lower in summer and autumn. According to statistics,
the effective available hours (deϐined as hourswithwind

speed of 3‒25 m·s−1) in 2021 are 7089 h, account‑
ing for 80.92% of the whole year. The diurnal vari‑
ation pattern shows that the wind speed tends to be
higher during dawn and dusk. Speciϐically, the wind
speed gradually decreases between 4:00 and 11:00 (lo‑
cal time), gradually increases until around 19:00 (local
time), and then declines again. The wind speed condi‑
tions are suitable for the development and construction
of wind farms. The high‑frequency wind direction sec‑
tors at various heights are basically concentrated in the
range from northerly‑northwesterly (NNW) to easterly‑
northeasterly (ENE), with the prevailing wind direction
being northerly‑northeasterly (NNE, frequency of about
10%).

Using the ERA5 data, we calculate the wind power
density at a resolution of 0.25° over the entire Zhuanghe
offshore area. The results indicate that the wind power
density gradually decreases from the open sea to the
nearshore areas, mainly in the range of 200‒300W·m−2

(Figure 11).

Figure 11. Wind power density maps from the (a) ERA5 data at the height of 10 m and (b) SAR‑derived in the Zhuanghe
offshore region.

Through the comparison, it is evident that theERA5
product is suitable for the large‑scale and long‑term as‑
sessment of wind energy potential. Its advantages lie in
excellent temporal continuity and extensive spatial cov‑
erage, enabling continuous and dynamic analyses of off‑
shore wind speed and direction. However, due to its rel‑
atively low spatial resolution, the ERA5 wind data is lim‑
ited in its ability to microscale variations in wind ϐields,
particularly in coastal zones or regionswith complex ter‑
rain. The wind power density from the SAR retrievals
has a good correlationwith that from the ERAwind data,

which reϐlects that the SAR data are reliable for high‑
resolution evaluations of offshore wind resources.

ERA5 and SAR satellite data each offer distinct advan‑
tages in wind energy assessment (Figure 12). The ERA5
product is characterized by its global coverage, long time
series and cost‑efϐiciency, making it suitable for broad‑
scale wind energy planning. SAR satellite data, with high
spatial resolutions and precision in local measurements,
is particularly useful for detailed, site‑speciϐic evaluations.
In practical applications, the complementary strengths of
both dataset types can be leveraged. The ERA5 product
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can serve as a baseline for large‑scale planning, while SAR‑
deriveddata canbe employed for reϐined site selection and

validation, achieving a more comprehensive and accurate
wind resource assessment.

Figure 12. (a) Scatter distributions of the SAR‑derived and ERA5 wind power densities and (b) the deviations distribution of
the SAR‑derived wind power density relative to the ERA5 data.

4.2. Quantifying the Effect of Sample Size
on theAccuracyof SARWindRetrievals
The sample size of SAR images may have an impact

on the accuracy of wind retrievals, and thus, we evalu‑
ate this inϐluence using a method based on simulation
data. Speciϐically, a pair of known Weibull parameters
is selected, and the Weibull probability density function
with these parameters is used to randomly generate a
time series of wind speed. Subsequently, based on the
simulated wind speed, we use the ϐitting method to ϐit
and estimate the values of the Weibull parameters. The
estimated Weibull parameters obtained through ϐitting
are subsequently used to calculate wind power density,

and the accuracy of the estimations is evaluated by com‑
paring them with the known reference values. Figure
13 shows the variation in errors with wind speed sam‑
ples. Obviously, the estimation errors are inversely re‑
lated to the sample size of wind speed. When there are
500 samples, the estimation error of the wind energy
density falls within ±3%, demonstrating high reliability.
In terms of engineering applications, jointly using long‑
term SAR satellite data, such as the data from Sentinel‑1,
EnviSat and RADARSAT satellites, it is possible to com‑
pile more than 20 years of historical data. Through this
method, a higher accuracy wind energy product can be
obtained, with sample sizes ranging from 1000 to 1500.

Figure 13. Correlation coefϐicient of wind power density between the SAR‑derived and ERA5 data.
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Notably, when the sample size reaches around
800–1000, the correlation coefϐicient between the SAR‑
derived and ERA5 wind power densities stabilizes. Ac‑
cording to theChinesemeteorological industry standard,
i.e., Technical guideline on investigation and assessment
of offshore wind energy resource using remote sensing
data (QX/T 584—2020), the sample number of SAR re‑
mote sensing images is not less than 400 scenes forwind
energy assessment. Therefore, the SARdata of this study
is sufϐicient to obtain real and reliable wind power den‑
sity products.

4.3. Uncertainty Analysis

4.3.1. Uncertainties in SAR‑Derived Sea
SurfaceWind Speed

The uncertainties in the sea surfacewind speeds re‑
trieved from SAR in this study are inϐluenced by the cou‑
pling ofmultiple physical factors. Variations inmonsoon
activity, complex coastal topography, and the dynamic
evolution of sea states directly affect the characteris‑
tics of SAR backscatter signals. Consequently, these fac‑
tors lead to complex features in the spatial distribution
and seasonal variability patterns of the retrieved wind
speeds. Furthermore, in shallow and variable coastal en‑
vironments, intricate land‑sea interactions, water depth
variations, and near‑shore ϐlow disturbances further in‑
crease the difϐiculty of SAR wind ϐield retrieval, impos‑
ing distinct limitations on wind resource assessment
in such scenarios. These uncertainties exert a non‑
negligible impact on the accuracy of retrieved sea sur‑
face wind speeds and the subsequent interpretation of
wind resource distribution characteristics, necessitating
explicit consideration in this study.
4.3.2. Critical Analysis on Vertical Extrapo‑

lation Uncertainty
This study speciϐically supplements a critical anal‑

ysis of vertical extrapolation uncertainty, examining its
potential impacts from both qualitative and quantita‑
tive perspectives. Qualitatively, models such as the log‑
arithmic law and power law, relied on by vertical ex‑
trapolation, are all based on ideal atmospheric boundary
layer assumptions. However, the spatiotemporal hetero‑
geneity of atmospheric stability, sudden changes in near‑

sea surface roughness, and topographic disturbances in
the actual observation area lead to deviations between
model assumptions and the real environment, thereby
introducing systematic uncertainty. Quantitatively, er‑
ror propagation path analysis reveals that random er‑
rors (e.g., instrument noise, retrieval algorithm devia‑
tions) and systematic errors of SAR wind ϐield retrieval
values at 10 m height are ampliϐied when transmitted
to the 100 m hub height via vertical extrapolation for‑
mulas. Among them, random errors accumulate linearly
or non‑linearly, while systematic errors are further ex‑
acerbated by the sensitivity of model parameters. Ulti‑
mately, the relative error of wind speed estimation at
100 m height can reach 8%–15%, directly resulting in a
signiϐicant widening of the conϐidence interval for wind
energy density, a core parameter forwind farmplanning,
which reduces the reliability and accuracy of the conϐi‑
dence interval. This in turn exerts a cascading impact
on the science of wind farm layout optimization, power
generation prediction, and investment risk assessment,
highlighting the indispensable role of vertical extrapola‑
tion uncertainty in offshore wind resource assessment
and providing directions for subsequent error correc‑
tion by optimizing extrapolation model parameters and
integrating multi‑source data.

5. Conclusions
In this study, SAR products from both domestic and

international sources are utilized to assess wind energy
resources in the Zhuanghe offshore area from 2017 to
2022, mainly including the Sentinel‑1 satellite data from
Europe and the GF‑3 satellite data from China. Based
on this dataset, we have completed the research on sea
surfacewind speed retrieval, data fusion ofmulti‑source
satellite remote sensing data, and vertical extrapolation
technology for arbitrary heights, which is applied to
wind resource assessment at speciϐic sites. Comparison
with the in‑situ observation data from the meteorologi‑
cal wind measurement towers in the study area shows
that the synthetic predicted wind speed has high consis‑
tency with the actual observation data (the RMSE of the
monthly average data at the 100 m height is only 0.54 m
s−1, with a deviation rate of 5.53%). The ϐindings of this
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study demonstrate that SAR outperforms ERA5 in site‑
speciϐic wind resource assessment in this region, based
on its advantages in spatial resolution and local accuracy,
which can better serve microscale offshore wind farm
planning and design applications. Furthermore, the ver‑
tical extrapolation method enables wind parameter ex‑
trapolation at arbitrary heights and has shown good en‑
gineering applicability through testing (all correlation
coefϐicients are ≥0.73 with p < 0.05). However, more
in‑situ measurement data are still needed for parameter
calibration and optimization of this method to improve
its technical performance.

Although the ϐindings of this study have achieved
certain innovations, there are still inherent uncertain‑
ties. For instance, the uncertainties in SAR‑retrieved
sea surface wind speed are inϐluenced by the coupling
of physical factors such as monsoon activity, complex
coastal topography, and dynamic sea state evolution.
The intricate interactions in shallow sea areas further
increase the difϐiculty of wind speed retrieval. Addition‑
ally, the uncertainty in vertical extrapolation stems from
deviations between the ideal assumptions of the model
and the actual environment. After extrapolation, the er‑
rors at the 10mheight are ampliϐied, leading to a relative
error of 8%–15% inwind speed at the 100mhub height.
This signiϐicantlywidens the conϐidence interval of wind
power density, affecting the planning and assessment of
offshore wind farms, and remains a research direction
requiring improvement in the future. Therefore, future
research will advance around four aspects: extending
the observation period of wind measurement towers to
address the temporal mismatch issue, and integrating
machine learning algorithms to optimize the vertical ex‑
trapolation model for reducing uncertainties caused by
sea state effects; extending the SAR‑basedwind resource
assessment method to similar offshore areas with data
scarcity and complexmeteorological conditions in south‑
ern China (such as regions frequently hit by typhoons),
and developing a universal technical scheme through
multi‑region validation; strengthening the coupling of
SAR data with ERA5 and WRF numerical models, and
leveraging the high spatial resolution advantage of SAR
to improve the simulation accuracy of nearshore wind
ϐields and enhance the accuracy of large‑scale wind re‑

source assessment; establishing amulti‑dimensional un‑
certainty assessment framework covering factors such
as SAR retrieval errors, extrapolation model errors, and
the impact of sample size, and developing dynamic error
correction tools.
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