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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Offshore wind energy in Zhoushan Ar
chipelago is assessed using 45-year wind 
product.

• Islands-Oriented Multi-Factor Assess
ment is proposed for resource 
classification.

• Potential wind farm locations are iden
tified through GIS-based spatial 
planning.
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A B S T R A C T

The growing demand for sustainable offshore wind energy has heightened the need for accurate wind resource 
assessment and feasible turbine deployment. Conventional multi-factor assessments fall short of identifying wind 
energy hotspots in multiple islands environment. This study proposes a three-stage wind resource assessment 
framework aimed to capture inter-island variations of wind resources across Zhoushan Archipelago. A long-term 
wind energy assessment at 100 m height is first conducted by using the optimal product through inter- 
comparison of seven mainstream global wind datasets against observations from ten evenly distributed sites. 
An Islands-Oriented Multi-Criterion assessment method, integrating energy, risk-stability, and environmental- 
cost factors, is then proposed to classify wind resources. Unconstrained offshore wind turbine zones are iden
tified in the end through GIS-based spatial planning. Zhoushan Archipelago demonstrates substantial wind en
ergy potential, with most areas exhibiting annual wind power density of about 420–550 W/m2 but notable 
spatiotemporal variability, particularly low stability in central regions. The maximum energy potential con
centrates in southeastern open seas (500–550 W/m2), with values gradually decreasing westward and exhibiting 
moderate levels near Hangzhou Bay (360–440 W/m2). The optimal turbine deployment zones are identified 
around Yushan Island, followed by Hangzhou Bay and east of Shanghai. Unconstrained suitable areas yield 
maximum technical potential of 29.48 TWh/yr. These findings provide actionable insights for wind energy 
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planning in Zhoushan and other multi-island regions globally, emphasizing spatial prioritization and resource 
optimization.

1. Introduction

Global carbon dioxide emissions have been rapidly increasing since 
the 21st century and hit a historic high in 2021 [1]. Following the same 
trend, the global temperature is projected to exceed 2.8 ◦C by the end of 
this century [2]. With the boosting requirements of energy transition for 
sustainable social and economic development, renewable energy has 
emerged as a long-term solution for achieving decarbonization [3,4]. 
Wind energy stands out from a list of renewable resources with 
charming attributes of high performance, cost-effectiveness, safety, and 
eco-friendliness [5,6]. The development of the offshore wind energy, in 
particular, has shown a steady upward trajectory by accounting for an 
average of 25 % of new global offshore installations from 2020 to 2024 
[7–9]. The global installed offshore wind power capacity reached 83.2 
GW in 2024, with 8.0 GW added in that year alone. And the capacity is 
expected to surpass 239 GW by 2030. The offshore wind energy sector in 
China has also undergone rapid expansion, with capacity reaching 
nearly 45 GW by late 2024, representing 54 % of the global offshore 
wind installations [7]. By virtue of strong offshore wind and extensive 
shallow-water regions, Zhoushan, an archipelago city in Zhejiang 
Province adjacent to Shanghai, has become one of the leading cities for 
offshore wind energy industries in China [10,11]. Nearly 1 GW of 
offshore wind capacity had been completed construction in Zhoushan by 
the end of 2024, with an additional 1.77 GW under construction, 
forming it the largest offshore wind cluster of Zhejiang Province [12]. 
The number of cumulative offshore wind turbines is even expected to 
increase further in Zhoushan. However, in-depth investigations of wind 
energy potential for regions with competitive wind resource endowment 
across China seas are still incomplete, particularly for multi-island re
gions [13]. Therefore, in Zhejiang, fast-growing offshore wind industry 
substantially requires trustworthy wind resource assessments over 
Zhoushan Archipelago to guide imminent future development.

Traditional assessments primarily rely on wind field records taken 
from fixed meteorological towers, anchored buoys, vessels, and ships 
[14]. However, the high investment and maintenance cost and the 
limited spatiotemporal coverage significantly hamper the construction 
of high-resolution resource maps for evaluation [15]. Regional weather 
prediction models, such as the Weather Research and Forecasting model 
[16], the Consortium for Small-Scale Modeling [17], and Regional At
mospheric Modeling System [18], are capable of accurately describing 
long-term wind field evolution in refined spatial resolutions [19]. 
Achieving optimal performance, however, requires advanced modeling 
skills to minimize sensitivity to computational domains, optimize 
physical parameters, and speed-up data assimilation, as well as higher 
computational costs [20,21]. Recent advances in machine learning 
techniques show considerable potential for wind fields reconstruction 
and prediction [22,23]. However, their reliability depends not only on 
high computational resources and well-designed model architectures, 
but also on large volumes of high-quality datasets for training and 
validation [24,25]. In recent years, the rapid development of multi- 
source environmental observation systems, such as satellite remote 
sensing, marine-atmosphere coupled monitoring networks, and offshore 
measurement platforms, together with the development of modern 
weather forecasting models, has substantially improved the data avail
ability for generating widely accessible global wind field products 
[26–28]. These products are broadly accepted as a cost-effective toolbox 
for wind energy industries to conduct energy assessments at global and 
regional scales [29–33] owing to their merits of high grid resolution, 
fewer data gaps, wide-ranging spatiotemporal coverage, and multiple 
atmospheric and oceanic variables [34]. The global wind datasets can be 
generally divided into three categories: analyses represented by the 

Final Global Tropospheric Analysis (FNL) and Global Forecast System; 
reanalysis such as the fifth-generation of the ECMWF reanalysis (ERA5), 
Climate Forecast System Reanalysis version 2 (CFSv2), second Modern- 
Era Retrospective analysis for Research and Applications (MERRA-2), 
Japanese 55-year Reanalysis (JRA-55), and the Copernicus Atmosphere 
Monitoring Service (CAMS); multi-source synthetic products, for 
example, Cross-Calibrated Multi-Platform (CCMP). Owing to existing 
differences in the applied forecast models, observational data, and 
assimilation schemes, the performance of these products in reproducing 
accurate wind evolution varies considerably from place to place [35]. 
Therefore, it is of great importance to first identify the most reliable one 
for the designated wind potential area before the assessment takes place.

Evaluation studies on wind products have been carried out widely in 
different regions. Carvalho et al. [36] analyzed the performance of 
CCMP and several QuickSCAT-derived products over the Iberian 
Peninsula region through comparison with five buoy measurements and 
found that CCMP has high accuracy in describing local wind regime 
characteristics. Alvarez et al. [37] compared six surface wind datasets 
(CCMP, CFSR, NCEP-R2, ERA-Interim, MERRA, and QuickSCAT) against 
wind records of four ocean buoys in the southern Bay of Biscay from 
2000 to 2009, and their error analysis indicates CCMP performs slightly 
better with the lowest bias and RMSE. Carvalho [38] assessed the quality 
of MERRA-2 as well as CFSR, ERA-Interim, JRA-55, MERRA by 
comparing them with 10 years of measurements from a wide range of 
surface wind observing platforms. Statistical analysis shows that 
MERRA-2 presents a clear improvement over its predecessor and is able 
to provide comparable estimations with other products in terms of 
representing the global near-surface wind fields. Miao et al. [39] 
assessed near-surface wind speeds from four reanalysis datasets (ERA- 
Interim, JRA-55, CFS, and MERRA-2) by comparing them to monthly- 
averaged observations from 1038 inland stations (1980–2016). The re
sults suggest that JRA-55 and CFS offer the best estimates of annual and 
seasonal variabilities in the Northern Hemisphere. Wang et al. [40] 
compared monthly-averaged surface wind speeds of four reanalysis 
(CCMP, ERA-Interim, JRA-55, CFSR) with observations recorded at ten 
nearshore sites (1988–2015) in China, and the statistical indices show 
JRA-55 maintains the lowest bias and RMSE in reproducing long-term 
wind speeds at offshore area. Nowadays, the unceasingly emerging 
and progressively updated wind-field data products present noticeable 
improvements over their predecessors [32,41–43] and provide more 
options for reproducing wind speed and direction. Nevertheless, owing 
to the local dependency of wind characteristics, the optimal product for 
many wind-rich regions remains uncertain. A number of evenly 
distributed observation stations across the interest regions constitute a 
critical arrangement to guarantee the validity of product inter- 
comparison in the first place and proceed to the energy assessment next.

The wind energy assessment has been evolving rapidly. Earlier 
studies mainly focused on climatic assessment, which provides global or 
regional quantitative characterization of offshore wind power density 
(WPD) [44–47]. More recently, the approach shifts to multi-factor 
assessment, integrating various localized control factors to assist wind 
energy development. Based on the Delphi method of decision-making, 
Zheng et al. [48,49] proposed a classification scheme by considering 
factors associated with wind energy, environmental risk, and cost to 
calculate expectations for offshore site selection. While the implemented 
weighted-additive method balances diverse factors, the linear summa
tion formulation of the method can be difficult to describe high-gradient 
distributions of the resultant expectations, particularly in complex 
environment. Moreover, the assignment of factor weights in the 
formulation is typically based on experts’ judgments, which may inev
itably introduce subjectivity and sensitivity in identification of optimal 
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sites [50]. Abramic et al. [51] introduced an analytic hierarchy process 
(AHP)-based decision support system in the Canary Islands to analyze 
relationships between the offshore wind energy facilities and five cluster 
parameters regarding oceanographic potential, environmental sensibil
ity, restrictions of marine conservation, land-sea interactions, and po
tential conflict with maritime activities respectively. Suitability maps 
are developed from the system to identify marine areas that have sig
nificant wind potential but minimal impact on the marine environment. 
The results, however, are sensitive to experts’ pairwise comparisons, 
which can vary subjectively depending on individual backgrounds and 
preferences [52]. In assessing offshore wind power potential of the 
exclusive economic zone of Pakistan, Tahir et al. [53] applied a 
sequential elimination approach by excluding areas that fail to meet 
thresholds for wind velocity, water depth, and distance from shore, 
together with spatial restrictions of international shipping routes and 
underwater internet cabling, in order to select suitable offshore wind 
farm sites for performance and environmental impact study. This 
assessment offers a straightforward way to conduct preliminary site 
screening, whereas the reliance on limited wind energy factors and strict 
thresholds falls short of capturing detailed regional variations and may 
overlook potentially suitable locations [54]. To assess offshore wind 
resources along the Indian coast, Patel et al. [55] utilized the ERA5 wind 
products and presented the Optimal Hotspot Identifier (OHI) method to 
rapidly locate and characterize offshore wind farm sites. The index 
combines with wind resource availability, monthly variability, and 
frequency of exploitable wind energy can serve as a simple support tool 
to help decision-makers achieve various policy targets. Although this 

method supports macroscopic analysis, the limited influential factors 
and the difficulty of proper weight-balance between unnormalized fac
tors constraints its ability to reveal localized patterns in multi-criteria 
decision support.

Effective offshore wind energy planning in multi-island regions with 
complex environmental conditions demands a method capable of 
capturing regional variations and highlighting optimal development 
sites. To this end, we propose a three-stage methodological framework 
encompassing wind energy assessment, wind resource classification, 
and site selection. The Zhoushan Archipelago, characterized by complex 
multi-island geography, competitive offshore wind energy resources, 
and extensive ongoing offshore wind energy development, is used here 
as a representative case study. In particular, a new resource classifica
tion methodology, namely Islands-Oriented Multi-Criterion Assessment 
(IOMCA), is developed to capture detailed regional resource variations 
across the study area and identify potential offshore wind turbine sites. 
The remainder of this paper is organized as follows. Section 2 describes 
the study area and observational datasets, followed by a detailed 
explanation of methods in Section 3. Section 4 presents the results 
corresponding to the three stages of the methodology framework, and 
Section 5 discusses the contributions and implications of this study for 
offshore wind development. The conclusions and prospects are sum
marized in Section 6.

2. Study area and observational data

Zhoushan is the first prefecture-level island city in the eastern 

Fig. 1. Location and map of Zhoushan Archipelago. Adjacent island groups are distinguished by purple-red contrasting shoreline colors. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Chinese province of Zhejiang. It is located at the exterior margin of 
trumpet-shaped Hangzhou Bay and close to Ningbo City in the south and 
Shanghai City in the north (Fig. 1). It consists of China’s largest archi
pelago of 2085 islands distributed across two districts, Dinghai (Dh) and 
Putuo (Pt), and two counties, Daishan (Ds) and Shengsi (Ss) [56]. It 
covers a total area of 22,000 km2, including a sea area of about 20,800 
km2. The six major islands with over 50 km2 land area are Zhoushan 
Island (ZsA, 503 km2), Daishan Island (DsB, 119 km2), Liuheng Island 
(PtC, 109 km2), Jintang Island (DhA, 82 km2), Zhujiajian Island (PtB, 76 
km2), and Qushan Island (DsD, 74 km2). In addition, numerous smaller 
island groups scattered across the Zhoushan, such as Changtu Islands 
(DsA, 54 km2), Shengsi Islands (SsB, 38.33 km2), Yangshan Islands (SsC, 
23 km2), Yushan Islands (DsC, 21 km2), Maan Islands (SsA, 20 km2), and 
Dongji Islands (PtA, 12 km2), contribute to a highly fragmented and 
discontinuous coastline with a total length of approximately 2788 km, 
compared with the estimated 300 km for Hangzhou Bay.

Ten observational sites with relatively even distribution over the 
study area are selected to come up with hourly wind records from 00:00 
on Jan. 1st to 23:00 on Dec. 31st in 2018 for comparison. Seven of them, 
including Dh1, Ds1, Ds2, Ds3, Pt1, Pt2, and Ss1, are meteorological land 
stations marked as green points in Fig. 1. Three of them, which are 
composed of Dh2, Pt3, and Ss2, are moored buoys marked as orange 
points in Fig. 1. The wind data measured by moored buoys are vertically 
interpolated within the atmospheric boundary layer to the 10 m stan
dard height through implementation of the logarithmic wind profile 
[57] in order to be consistent with those from meteorological land sta
tions. For clarity, all islands and observational sites in this paper follow a 
three-character abbreviation scheme, where the first two letters indicate 
the administrative region and the last letter/number specifies the island 
(A, B, C, D) or the station (1,2,3), except for Island ZsA, which spans both 
Dh and Pt districts and is denoted independently of administrative 
divisions.

The rose diagrams of the one-year-long wind data at the ten obser
vational sites are shown in Fig. 2. For the seven sites (Ds2, Ds3, Ss1, Ss2, 
Pt1, Pt2, and Pt3) located in relatively open areas, the characteristics of 
the prevailing wind direction are basically manifestations of the sub
tropical maritime monsoon climate. In winter, the Siberian High 

dominates the Asian mainland, driving cold northerly winds, mainly 
from the north and northwest, over Zhoushan. In summer, the North 
Pacific Subtropical High governs the region, bringing southerly winds, 
predominately from the south and southeast, to the islands. The domi
nant wind speeds at each site are between 3.3 and 20.7 m/s. Moderate 
winds occur with a high probability of 76.76 % at Ds3, and strong winds 
are most frequent at Ss2 with a high occurrence rate of 23.86 %. A few 
gale winds appear at these sites with probabilities less than 0.25 %, due 
to the low frequency and limited duration of typhoon RUMBIA, YAGI, 
and AMPIL in 2018. For the three sites (Dh1, Dh2, and Ds1) that partially 
sheltered by nearby topography, the wind directions possess similar 
characteristics to the other seven sites, however, the dominant wind 
speeds are significantly lower. The light wind prevails the most at Dh1 
with a high probability of 64.94 %, and limited strong winds are mainly 
recorded at Dh2 and Ds1 due to the venturi effect in mountainous 
regions.

3. Methods

This paper presents a three-stage methodological framework (Fig. 3) 
designed for wind resources assessment and offshore wind turbine site 
selection for multi-island areas. The framework begins with seven global 
wind datasets’ comparative analyses through site-averaged statistical 
evaluations and site-specific graphical assessments to identify the most 
representative one for characterizing Zhoushan’s local wind patterns. 
The optimal product serves as an accurate baseline for long-term wind 
energy assessment near hub height on annual, seasonal, and monthly 
timescales, ensuring the reliability of subsequent analyses. In the second 
stage, wind resources are classified by utilizing the proposed method
ology, IOMCA, considering energy, risk-stability, and environment-cost 
factors. Finally, the framework proceeds to a multi-layer GIS-based 
spatial planning approach to identify unconstrained zones based on the 
resource classification map and then quantifies the technical potential in 
these areas.

Fig. 2. Wind roses of measured wind speeds (WS) and directions at the ten observation sites. The wind speeds are categorized into 4 classes [58]: Light wind (0 m/s 
≤ WS < 3.3 m/s), Moderate wind (3.3 m/s ≤ WS <10.7 m/s), Strong wind (10.7 m/s ≤ WS < 20.7 m/s), and Gale wind (WS ≥ 20.7 m/s). There are five intervals 
from 0 to 25 %, each representing a 5 % increase in wind speed occurrence. Note: WS is only used in the figure for brevity, while “wind speed” is used in the text.
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Fig. 3. Methodological framework. Abbreviations in figure: WS (wind speed); Kenergy (energy coefficient); Krs (risk-stability coefficient); Kec (environment-cost 
coefficient); fi (influential factors for resource classification); WPTech (technical potential); Afree (feasible areas free of spatial utilization); Atrubine (average areas 
occupied by per turbine); Po (annual wind energy output of a single turbine); Cw (loss rate of wake effect); CA (turbine availability coefficient).
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3.1. Wind energy assessment over Zhoushan

Seven global wind datasets, including one analysis (FNL), one multi- 
platform synthetic (CCMP), and five reanalysis products (ERA5, CFSv2, 
MERRA-2, JRA-55, and CAMS), were selected to be the candidates of the 
optimal one for the study area. Table 1 summarizes their contributor, 
temporal coverage, assimilation method, position of vertical levels, as 
well as temporal and spatial resolutions. Wind components u (eastward) 
and v (northward) at 10 m height were extracted with timestamps from 
each dataset to compute wind speed (m/s) and wind direction (◦) in 
commensurate with the measurements. To ensure the consistency and 
comparability across given products with respective temporal resolu
tions, the time series of wind speed and direction were resampled to 6- 
hourly intervals (00:00, 06:00, 12:00, and 18:00 UTC each day), which 
corresponds to the coarsest temporal resolution among the selected 
products. A total of 1460 data points were yielded for comparison with 
the corresponding records of the observed data in 2018. In reference to 
spatial locations of the ten observational sites, the nearest neighbor 
interpolation was applied across the coverage domain of each dataset to 
determine proper grid points from which the time series associated with 
each site were constructed for performance evaluation.

Three metrics are considered in the study to quantify errors between 
the measurements (yi) and the products (xi) indexed by i. The compre
hensive absolute error (E) is calculated as the averages of mean absolute 
error (MAE), root mean square error (RMSE), and standard deviation 
error (STDE) in the forms of 

MAE =
1
N
∑N

i=1
∣yi − xi∣ (1) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(yi − xi)

2

√

(2) 

STDE =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
RMSE2 − BIAS2

√
(3) 

for each time series of wind speed and direction with N elements. The 
bias (BIAS), written as 

BIAS =
1
N
∑N

i=1
(yi − xi) (4) 

is utilized as the second metric to evaluate systematic deviations of the 
wind products relative to the observations. The linear correlation coef
ficient (COR) is also considered as the third metric in the following form 
to assess the similarity between two time series in terms of strength and 
pattern 

COR =

∑N
i=1(yi − y)(xi − x)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1(yi − y)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑N
i=1(xi − x)2

√ (5) 

where y and x denote the averages of the measured and the observed 
time series respectively. The evaluation metrics E, BIAS, and COR, 
provide a comprehensive assessment of each product’s performance in 
accurately hindcasting both wind speed and wind direction over 
Zhoushan Archipelago. An additional set of linear regression scatter 

plots for wind speed at each observation site is also incorporated as a 
statistical visualization to provide an intuitive representation of the 
product’s accuracy at various spatial locations. Both the site-averaged 
error analysis and site-specific graphical validation are considered in 
the evaluation to ensure the selected product is the best representation 
of the Zhoushan wind field.

Wind energy assessment at near-hub height is then conducted 
through an analysis of the spatial distribution of WPD. The WPD over an 
indexed period of time (i = 1, …,N) is associated with the corresponding 
wind speed vi (m/s) in the form 

WPD =
1

2N
∑N

I=1
ρvi

3 (6) 

where the air density at 100 m height, basically equivalent to the near- 
hub-height [60,61], is approximated as 1.2133 kg/m3. If the near-hub- 
height wind speed is not available in the optimal wind product, the 
logarithmic wind profile is taken to extrapolate the data. The 45-year 
wind speed data spanning from Jan 1st, 1980 to Dec 31st, 2024 UTC 
provides a sufficiently long record to capture interannual and decadal 
variability, ensuring a statistically robust basis for estimating the dis
tribution of WPD. The hourly wind speed data is also linearly interpo
lated into a dense mesh (2000 × 800) with a spatial resolution of 0.55 
km to allow better resource classification in the next stage. The annual, 
seasonal, and monthly WPD is then derived from the optimal wind 
dataset and evaluated according to the wind energy categories shown in 
Table 2.

3.2. Resource classification

Wind energy assessment in the first stage provides the evaluation of 
WPD at near-hub-height across the study area. The following resource 
classification in the second stage (Fig. 3) formalizes the quantitative 
analysis into standard categories to indicate project feasibility and guide 
deployment strategies. The weighted-additive multi-criteria decision- 
making methods are widely adopted in wind resource classification, 
particularly for its capability to systematically integrate wind data with 
socio-environmental criteria [48,49]. Weighted criteria, such as wind 
speed, grid proximity, environmental impact, and others, are linearly 
aggregated to yield a total score by which optimal zones for wind farms 
are identified. When implemented in area with multiple islands, how
ever, these methods are not efficient in accentuating regional differ
ences, leading to featureless classifications. The OHI is another 
composite index used to identify high-quality wind energy development 
areas [55,62]. It emphasizes regions with high and stable resource by 

Table 1 
Specifies of the selected wind products.

Datasets type Dataset Institution Temporal coverage Assimilation system Vertical 
level (m)

Temporal 
res. (h)

Spatial res.

Analysis FNL NCEP 1999-present 3D-VAR 10, 20, 30, 50, 80, 100 6 1.000◦ lat/lon

Reanalysis

ERA5 ECMWF 1940-present 4D-VAR 10, 100 1 0.250◦ lat/lon
CFSv2 NCEP 2011-present 3D-VAR 10 6 0.205◦ lat/lon
JRA-55 JMA 1958–2024 4D-VAR 10 6 1.250◦ lat/lon

MERRA-2 NASA 1980-present 3D-VAR 2, 10, 50 1 0.500◦ lat/0.625◦ lon
CAMS ECMWF 2003-present 4D-VAR 10 3 0.750◦ lat/lon

Multi-platform synthetic CCMP ECMWF 1987-present VAM 10 6 0.250◦ lat/lon

Table 2 
Classes of wind energy at 100 m height Refs. [59].

WPD Class WPD (W/m2) WPD Class WPD (W/m2)

1 (Poor) 0–200 5 (Abundant) 560–670
2 (Limited) 200–260 6 (Exceptional) 670–820
3 (Fair) 260–420 7 (Substantial) 820–1060
4 (Sufficient) 420–560 8 (Exceptional) > 1060
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multiplying WPD with the frequency of WPD exceeding a threshold 
value and meanwhile penalizes areas with high seasonal variation by 
dividing the monthly variation of WPD, ultimately prioritizing optimal 
hotspots for wind farm development. Nevertheless, the difficulty of 
proper weight-balance between these factors and the shortage of other 
influencing factors limit the use of OHI in Zhoushan Archipelago.

To efficiently highlight the inter-regional resource differences and 
properly balance multiple influential factors in multi-island areas, we 
propose a new wind resource classification scheme, IOMCA. Altogether 
nine normalized factors (f1-f9) were considered in the study, and the 
details are listed in Table 3 with respect to their categories and contri
butions. Three of them, including FWPD, FWS, and BWS are directly 
associated with wind energy potential; four others, composed of EWS, 
MV, SV, and STD, are considered as risk-stability factors; while the 
remaining two, Bathymetry and DC, belong to the environmental-cost 
category. From the contribution point of view, three of the nine fac
tors, including FWPD, FWS, and BWS, are positively correlated to the 
wind energy. Regions exhibiting elevated values of these factors 
demonstrate enhanced wind energy availability and favorable turbine 
operational conditions, and particularly, areas with high BWS values 
indicate increased frequency of optimal winds (10–12 m/s) for peak 
turbine efficiency. The rest six factors, on the contrary, exhibit negative 
correlations. Among the six factors, a high frequency of extreme wind 
speeds (EWS) poses risks to turbine integrity and safety. Elevated stan
dard deviation (STD) of the annual WPD (Ai, i = 1, …,N) relative to the 
averaged WPD value μ over N years indicates large absolute temporal 
fluctuations, which may lead to greater variations in power output. 
Large seasonal variation (SV) and monthly variation (MV) of WPD 
signify greater relative temporal fluctuations at shorter timescales, 
thereby potentially degrading the power output stability. Both of the 
environmental-cost factors exert constraints on offshore wind energy 
development, as deeper waters and greater distances from the coast 
significantly increase technical and economic challenges for turbine 
deployment. All nine factors are min-max normalized to be re-scaled 
into the range of fi ∈ [0,1] before classification computation.

At each grid point across the study domain, a normalized expectation 
score (Y), ranging from the least favorable value 0 to the optimal value 
1, is determined through the following form 

Y = WPDavg⋅Kenergy⋅Krs⋅Kec (7) 

Kenergy =
∑3

i=1
sgn(fi);Krs =

∑7

i=4
sgn(fi);Kec =

∑9

i=8
sgn(fi) (8) 

sgn(fi) =

{
fi, positive contribution
1 − fi, negative contribution (9) 

where the WPDavg represents the annual averaged WPD, the coefficients 
Kenergy, Krs, and Kec denote the calibration from the energy-related fac
tors, risk-stability-related factors, and the environmental-cost-related 

factors, respectively. Each adjustment coefficient K is defined as the 
sum of the corresponding sgn(fi) indexed by i = 1, …,N, where sgn(fi) is a 
monotonically increasing function assigning fi to positive contributors or 
its complement (1-fi) to negative contributors. The resources classifi
cation map, derived from the Y-scores across the domain, is comprised of 
six categorization areas as defined in Table 4: Class 1 signifies poor 
expected wind resources and is not recommended for wind turbine 
installation; Class 2 represents marginal wind resources where wind 
turbine installation is optional; Class 3 denotes fair wind resources, 
making them worthy of consideration; Class 4 corresponds to moderate 
wind resources suitable for turbine installation; Class 5 identifies good 
wind resources that are highly suitable for development; Class 6 high
lights optimal sites with excellent wind resource potential. All uncon
strained areas, except for Class 1, are available for offshore wind turbine 
installation, with higher class levels indicating greater preference.

3.3. GIS-based spatial planning

In the third stage (Fig. 3), areas free of spatial constraints for offshore 
wind energy development are identified, and their technical potential is 
subsequently assessed. Initially, GIS techniques are applied to exclude 
all prohibited areas from the resource classification map generated in 
the previous stage, thereby delineating the unconstrained areas suitable 
for wind energy deployment. Table 5 specifies six categories of spatial 
constraint factors, along with their corresponding prohibited area and 
data sources. The spatial constraints are defined as follows: (a) policy- 
designated marine function areas, including port and shipping areas, 
tourism, leisure, and entertainment areas, ocean protection areas, and 
special utilization areas [63]; (b) 1 km buffer zones around the major 
shipping lanes and the Cross-Sea Bridge [64]; (c) 500 m buffer zones 
around submarine cables and pipelines [64]; (d) areas with seabed 
slopes exceeding 10◦ [66]; and (e) visual impact areas, defined as 10 km 
buffer zones from populated coasts to minimize conflicts with coastal 
activities [51]. The populated coasts are identified based on population 
density data at a 100 m grid resolution (per hectare) derived from [67], 
where valid values indicate populated areas, while NoData regions are 
interpreted as low-population-density zones and thus considered less 
visually sensitive. Regarding seabed sediments, since the study area is 
predominantly composed of mixed fine-grained sediments, such as sand, 
silt, and clay [68], which are generally suitable for the construction of 
offshore wind turbines [64,69], the distribution is not further visualized 
in this study.

Subsequently, the technical potential WPTech (TWh/yr), defined as 
the average annual energy output of all installable wind turbines within 
the unconstrained areas 

(
Afree/Aturbine

)
⋅Po, after accounting for losses 

(1 − Cw)⋅CA, is quantified to inform practical implementation strategies. 
The wind farm layout in our analysis consists of an 8-row by 15-column 
configuration of each unit, with turbines spaced 8D apart and a 20 km 
buffer zone maintained between adjacent units, to minimize wake and 

Table 3 
Influential factors for wind resource classification.

Vari-able Factor Category (K) Description Contri-bution

f1 FWPD Energy 
at 100 m height

Frequency of appliable WPD exceeds 420 W/m2

Positivef2 FWS Frequency of appliable wind speeds between 3 and 25 m/s
f3 BWS Frequency of favorable wind speeds between 10 and 13 m/s
f4 EWS

Risk-stability 
at 100 m height

Frequency of extreme wind speeds exceeding 25 m/s

Negative

f5 MV Monthly variation of WPD: (WPDmmax − WPDmmin)/WPDavg 
①

f6 SV Seasonally variation of WPD: (WPDsmax − WPDsmin)/WPDavg 
②

f7 STD Standard deviation of WPD:
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1

⃒
⃒Ai − WPDavg

⃒
⃒2

√
③

f8 Bath-ymetry
Environmental-cost

Water depth
f9 DC Distance from the nearby coasts

① The WPDmmax and WPDmmin denote the maximum and the minimum monthly WPD, and the WPDavg is the annual averaged WPD.
② The WPDsmax and WPDsmin denote the maximum and the minimum seasonally WPD.
③ The Ai represents WPD at specific year indexed by i = 1, …,N.

H. Zhi et al.                                                                                                                                                                                                                                      Applied Energy 406 (2026) 127275 

7 



turbulence effects on a turbine from its neighboring turbines in the array 
[17,64]. 

WPTech =
Afree

Aturbine
⋅Po⋅(1 − Cw)⋅CA (10) 

where the Afree (km2) represents the unconstrained areas; Atrubine (km2) 
denotes the averaged areas occupied by each turbine, which depends on 
the layout of the offshore wind farm; Po (MWh/yr) is the average annual 
wind energy output of a single turbine at a specific location based on its 
power curve; Cw, the loss rate of wake effect, equals 8 % [64]; and the 
turbine availability coefficient CA is assumed to be 95 % [70].

In this study, three offshore wind turbines from various manufac
turers with distinct characteristics are selected, including GW175–8.0, 
Vestas V164–8.0, and Siemens SWT-6.0–154, for the technical potential 
calculation. Their specifications, including rated power, rotor diameter 
D, rated speed, cut-in speed, and cut-off speed, are listed in Table 6. The 
power curve of each considered wind turbine is presented in Fig. S1.

4. Results

4.1. Wind energy assessment over Zhoushan

Wind energy assessment described in the following three sub- 
sections serves as the foundation for the subsequent wind resource 

classification (Section 4.2) and GIS-based spatial planning (Section 4.3). 
The sub-section 4.1.1 conducts a comparative evaluation of seven global 
wind datasets through both site-averaged statistical evaluations and 
site-specific graphical assessments to identify the most representative 
one for characterizing Zhoushan’s wind field. The long-term near-hub- 
height wind energy assessment is then assessed in sub-section 4.1.2 
based on the optimal wind product. The sub-section 4.1.3 quantifies the 
temporal variability of WPD in terms of annual standard deviation, 
seasonal variation, and monthly variation.

4.1.1. Optimal wind product selection
Table 7 presents the site-averaged statistical analysis results, 

including absolute errors (MAE, RMSE, STDE, and E), correlation, and 
absolute bias. In terms of the absolute errors, ERA5 is revealed as the 
top-performing one with the lowest comprehensive errors E for both 
wind speeds (1.98 m/s) and wind direction (34.55◦), along with the 
lowest errors in MAE, RMSE, and STDE for wind direction, although its 
STDE for wind speed marginally trails the lowest one (1.83 m/s of FNL) 
by only 0.01 m/s. FNL ranks the second to ERA5, exhibiting slightly 
higher error metrics for both wind speeds and wind direction across 
most indicators, including E, MAE, RMSE, and directional STDE. The 
remaining products, including CFSv2, CCMP, JRA-55, and MERRA-2, 
present substantially higher absolute errors for both wind speeds and 
direction, although CAMS showing comparable performance to FNL in 
wind speeds. In terms of the correlation, the inter-dataset differences are 
not significant for both wind speeds (ΔCOR <0.04) and wind direction 
(ΔCOR <0.05), with ERA5 showing the strongest correlation with the 
observed data.

Regarding the absolute bias, the wind products achieving the lowest 
absolute values show slight variations in wind speeds and wind direc
tion. JRA-55 obtains the minimal score in wind speeds (1.09 m/s), and 
most of the remaining products show comparable accuracy within a 
narrow range of 1.20–1.28 m/s, including CAMS, ERA5, CCMP, CFSv2, 
and FNL in descending order, while MERRA-2 exhibits the maximum 
deviation (1.40 m/s). In terms of wind direction, CAMS achieves the 
lowest absolute bias (13.24◦), with CFSv2, JRA-55, ERA5, CCMP, and 
FNL trailing behind in that order, whereas MERRA-2 again presents the 

Table 5 
Spatial constraint factors and corresponding prohibited area for offshore wind turbines installation.

Factor Prohibited area Data Source

Marine function areas

Within designated boundaries 
[63]

Data from National Marine Functional Zoning (2011− 2020) published by Zhejiang Provincial 
Development and Reform Commission [65]

a. Port and shipping areas
b. Tourism, leisure, and 

entertainment areas
c. Ocean protection areas
d. Special utilization areas
Major shipping lanes; Cross-Sea 

Bridge
1 km buffer [64] Public data on Zenodo 

(doi: https://doi.org/10.5281/zenodo.6361694)

Submarine cables 0.5 km buffer [64] Submarine Cable Map 
(https://www.submarinecablemap.com)

Submarine pipelines 0.5 km buffer [64]
Global Oil and Gas Data-Web Map 
(http://worldmap.harvard.edu/data/geonode:natural_gas_pipelines_j96)

Seabed slope Slope > 10◦ [66] General Bathymetric Chart of the Ocean (https://www.gebco.net/)

Visual impact
10 km buffer around populated 
coasts [51]

WorldPop 2020 dataset 
(https://hub.worldpop.org/) [67]

Table 4 
Classification schemes of expected wind resources for offshore wind turbine 
installation.

Class Expectation 
scores

Expected 
potential 
resources

Suggestion for offshore wind 
turbine installation

1 0.0 ≤ Y < 0.3 poor not recommended
2 0.3 ≤ Y < 0.6 marginal optional
3 0.6 ≤ Y < 0.7 fair worth considering
4 0.7 ≤ Y < 0.8 moderate suitable
5 0.8 ≤ Y < 0.9 good highly suitable
6 0.9 ≤ Y ≤ 1.0 excellent optimal

Table 6 
Specifications of wind turbines.

Wind turbines Rated power 
(MW)

Rotor diameter D 
(m)

Rated wind speed 
(m/s)

Cut-in wind speed 
(m/s)

Cut-out wind speed 
(m/s)

GW175–8.0 ① 8.0 175.0 12 3 25
V164–8.0 ② 8.0 164.0 13 4 25
SWT6.0–154 ④ 6.0 154.0 13 4 25

① https://www.goldwind.com/cn/windpower/product-gw6s.
② https://en.wind-turbine-models.com/turbines/1419-mhi-vestas-offshore-v164-8.0-mw.
③ https://en.wind-turbine-models.com/turbines/657-siemens-swt-6.0-154.
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largest deviation (14.72◦) suggesting its consistent systemic errors 
across both wind speeds and direction. Although JRA-55 and CAMS 
perform best in terms of minimizing systematic errors in wind speed and 
wind direction, respectively, ERA5 shows absolute biases within a 
comparable range. In addition, ERA5 consistently outperforms the other 
products across all absolute error metrics and correlation, demon
strating its overall advantage across the study area. Its higher temporal 
(hourly) and spatial (0.25◦) resolutions, compared to JRA-55 and CAMS 
(as shown in Table 1), further enhance its suitability for regional wind 
energy assessment and finer-scale applications. Taken together, these 
results indicate ERA5 provides the best overall performance in site- 
averaged statistical evaluations of both wind speeds and direction.

The accuracy of wind products is further evaluated at specific loca
tions through linear regression lines and scatter plots, along with 
embedded sub-tables presenting E, BIAS, and COR values (Fig. 4). Only 
the wind speed, which is proportional to the cube root of WPD and can 
have direct impacts on wind energy calculations, is considered in this 
plot; while the wind direction, primarily affecting turbine orientation 
and layout, is not the focus of the analysis here. Supported by the error 
metrics in those sub-tables, the distribution of the scatter points and fit 
lines of the seven products relative to the 1:1 diagonal line (k = 1) re
veals distinct site-specific characteristics among the seven wind prod
ucts. ERA5 demonstrates the most stable performance across all sites, 
consistently ranking within the top three for both E and bias metrics at 
nearly every location. It achieves maxima accuracy, with the smallest E 

values at Ds3 (1.54 m/s), Ss1 (1.47 m/s), and Pt3 (1.23 m/s), and 
maintains a top-three ranking at Ds2, Ss2, and Pt2, only slightly drop
ping to the fourth at Ss2. The only exceptions are the three sheltered 
sites, Dh1, Dh2, and Ds1, where FNL performs better. In terms of sys
tematic bias, ERA5 performs a low bias across most stations, ranking 
within the top three at Ds2, Ds3, Pt2, and Pt3. Furthermore, ERA5 yields 
the highest correlation with observations at most sites, reflecting its 
robustness in capturing observed wind patterns.

In contrast, other datasets, particularly FNL, JRA-55, and CFSv2, 
demonstrate site-dependent characteristics, with each exhibiting 
optimal performance only at specific locations. For instance, FNL out
performs other products at the three sheltered sites, with fit lines closest 
to the diagonal and consistent lowest E and biases, while it performs the 
worst at other open sites, including Ds2, Ds3, Ss1, Ss2, Pt1, Pt2, and Pt3. 
Similarly, CFSv2 shows top accuracy at several exposed open stations 
(Ds2, Ss2, and Pt2), while obtaining the largest E and systematic biases 
at the three sheltered sites, subsequently limiting its overall reliability. 
JRA-55 obtains the lowest E values at Pt1 sites and exhibits the lowest 
biases at several open sites, while lacking consistency across the region. 
Despite the narrow range of correlation differences (ΔCOR ∈ [0.02, 
0.09]) among all products at the ten sites, ERA5 stands out for 
combining high correlation, low errors, and minimal bias in general, 
making it the most balanced and dependable dataset at most sites across 
the study area. Given the comprehensive advantage of ERA5 in the site- 
averaged statistical evaluation and the stable performance in the site- 

Table 7 
Statistical evaluations of annual wind speeds and direction averaged across ten sites, over Zhoushan.

Products Errors Correlation Bias

MAE RMSE STDE E COR BIAS

Wind speeds 
(m/s)

ERA5 1.82 2.29 1.84 1.98 0.81 1.21
CFSv2 1.98 2.50 2.05 2.18 0.79 1.26
CCMP 1.93 2.47 2.03 2.14 0.77 1.24
JRA-55 1.93 2.45 2.06 2.15 0.78 1.09

MERRA-2 2.00 2.50 1.97 2.16 0.78 1.40
CAMS 1.85 2.33 1.89 2.02 0.81 1.20
FNL 1.85 2.33 1.83 2.01 0.81 1.28

Wind direction  
(◦)

ERA5 27.20 40.13 36.31 34.55 0.56 13.55
CFSv2 28.63 42.05 38.64 36.44 0.56 13.33
CCMP 29.36 42.47 38.92 36.92 0.51 13.69
JRA-55 29.71 43.14 39.61 37.49 0.53 13.54

MERRA-2 29.78 43.42 39.58 37.59 0.53 14.72
CAMS 28.06 41.28 37.70 35.68 0.54 13.24
FNL 27.71 40.69 36.77 35.06 0.55 13.74

Note: All metrics are presented in absolute values.

Table 8 
Area and percentage of the unconstrained area across six classes. Each class is categorized into regions with water depth less than 50 m (lt 50 m) and greater than 50 m 
(gt 50 m).

Class C1 C2 C3 C4 C5 C6 Sum

Area (km2)
lt 50 m 1136.59 4718.55 1171.03 1549.89 1377.68 378.86 10,332.60
gt 50 m 861.05 3134.22 0.00 0.00 0.00 0.00 3995.27
Sum 1997.64 7852.78 1171.03 1549.89 1377.68 378.86 14,327.87

Percentage of unconstrained area (%)
lt 50 m 7.93 32.93 8.17 10.82 9.62 2.64 72.11
gt 50 m 6.01 21.88 0.00 0.00 0.00 0.00 27.89
Sum 13.94 54.81 8.17 10.82 9.62 2.64 100.00

Table 9 
WPTech of the unconstrained area across six classes, considering three turbine types. Each class is categorized into regions with water depth less than 50 m (lt 50 m) and 
greater than 50 m (gt 50 m).

Class 
Turbine

C1 C2 C3 C4 C5 C6 Sum 
(TWh/yr)

lt / gt 50 m lt / gt 50 m lt / gt 50 m lt / gt 50 m lt / gt 50 m lt / gt 50 m

GW175–8.0 2.42 / 1.87 9.97 / 6.68 2.35 / 0.00 3.00 / 0.00 2.52 / 0.00 0.67 / 0.00 29.48
V164–8.0 1.99 / 1.55 8.21 / 5.51 1.92 / 0.00 2.44 / 0.00 2.02 / 0.00 0.54 / 0.00 24.18
SWT6.0–154 1.63 / 1.27 6.72 / 4.51 1.57 / 0.00 1.99 / 0.00 1.65 / 0.00 0.44 / 0.00 19.78
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Fig. 4. Site-specific linear regression scatter plots of seven wind products’ annual wind speeds according to measurements. Each subplot includes one statistic 
evaluation table of the corresponding site. The minimum error values in the table are highlighted in bold blue font for emphasis. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)
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specific assessment, it is selected as the optimal dataset to represent 
Zhoushan’s wind field for the subsequent wind energy assessment. One- 
year long observational wind field data is utilized in the study for vali
dation purpose, which could be further improved if evenly distributed 
data with longer time span becomes available in the future.

4.1.2. Long-term wind energy assessment
As shown in Fig. 5, the annual WPD over the 45 years throughout 

Zhoushan ranges from about 260 W/m2 to 550 W/m2, exhibiting a 
general west-southeast gradient, with values increasing and contours 
widening from nearshore west to the offshore east. The entire study area 
falls within the Class 3 (fair) and Class 4 (sufficient) wind energy levels, 

with the 420 W/m2 contour traversing through the western part of the 
area, indicating that most areas possess sufficient wind energy. High 
wind energy potential (> 500 W/m2) concentrates in the southeastern 
open sea, encircled by SsA, DsD, DsA, and PtB islands. Moving north
westward, the WPD gradually decreases from nearly 500 W/m2 to about 
360–440 W/m2 in Hangzhou Bay. The WPD reaches its lowest values in 
the southwestern nearshore island-cluster region (260–360 W/m2), 
where wind energy is substantially lower than the offshore open sea, 
mainly due to complex terrain, surface roughness, and thermal effects 
[71]. More detailed assessments of seasonal and monthly wind energy 
characteristics are provided in the Supplementary Text of the Supple
mentary Material.

Fig. 5. Annual WPD during the 45-year period. The WPD contours at 20 W/m2 intervals.

Fig. 6. Distribution of and STD (a), SV (b), and MV (c) during the 45-year period.
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4.1.3. Wind energy stability and variability
Fig. 6 presents the annual standard deviation, seasonal variation, and 

monthly variation of WPD over 45 years in three subplots. The STD 
(Fig. 6a) across the study area ranges from 20 to 40 W/m2, approxi
mately one-tenth of the annual WPD (Fig. 5), suggesting generally 
consistent interannual wind energy stability with limited year-to-year 

fluctuations throughout the region. The spatial distribution of STD dis
plays a northwest-southeast gradient, similar to that of the annual WPD. 
Higher STD (38–40 W/m2) occurs in the southeastern offshore region, 
indicating the largest absolute variability in annual WPD, thereby 
resulting in more pronounced interannual variations in power output. 
The STD gradually decreases northward, from the northeastern seas 

Fig. 7. Normalized influential factors. Subplots (a) to (c) correspond to energy-related factors. Subplots (d) to (g) are risk factors. Subplots (h) and (i) represent 
environment-related factors.
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around SsA-SsB-DsD-DsB islands alignment (about 36–38 W/m2) to 
Hangzhou Bay (about 30–36 W/m2). Lower STD, ranging from 22 to 28 
W/m2, is observed in the southwestern nearshore island-cluster region, 
indicating negligible absolute wind energy variation and thereby rela
tively stable interannual power output.

The MV (Fig. 6c), ranging from 0.30 to 0.65, is approximately twice 
as large as the SV (0.10–0.30, Fig. 6b), indicating greater monthly WPD 
variability than seasonal variability over Zhoushan. This pattern is also 
reflected in the seasonal and monthly WPD distributions shown in 
Figs. S2 and S3. It suggests that the atmospheric circulation patterns are 
more stable at seasonal timescales, whereas monthly-scale variability is 
more susceptible to frequent short-term weather disturbances. Both SV 
and MV exhibit a concentric pattern with values peaking in the central 
area and gradually decreasing toward the perimeter. This variation 
pattern can be attributed to pronounced temporal variability in WPD 
values in the central region at both seasonal and monthly scales, while 
the remaining areas maintain more consistent WPD values throughout 
seasons and months. Over Zhoushan, seasonal and monthly variability 
peaks in the central region surrounding the PtA-DsA islands (SV: 0.30; 
MV: 0.65) and gradually decreasing outward, highlighting that temporal 
fluctuations in WPD are most pronounced in the central offshore area. 
The northwestern region in Hangzhou Bay exhibits relatively enhanced 
short-term stability with more moderate seasonal and monthly vari
ability. The lowest variability (SV: 0.12–0.20; MV: 0.35–0.45) is 
observed in the southwestern nearshore island-cluster region, indicating 
the most temporally stable wind energy across Zhoushan.

The pronounced convexity of peak STD isopleths and spatial 
convergence of maximum MV/SV contours toward the central area 
collectively reveal that the central region between DsA and PtA islands 
exhibits the lowest wind energy variability across annual, seasonal, and 
monthly scales, over the study area. This pattern arises from localized 
climatic instability, driven by the central region’s unique transitional 
position between the eastern open sea areas and the western nearshore 
areas, forming a dynamic natural wind-speed interface that enhances 
spatiotemporal variability within the local wind field. Such interface 
characteristics are notably detected during spring (Fig. S2a; Figs. S3c-e) 
and summer (Fig. S2b; Figs. S3f-h), when the strengthening oceanic 
monsoon gradually surpasses the weakening northwestern continental 
monsoon. Ha et al. have also demonstrated similar findings that land-sea 
contrasts and topography exert significant influence on local wind fields, 
particularly in coastal and complex terrain areas, where wind fields 
exhibit greater spatial variability [72].

4.2. Wind resources classification

4.2.1. Normalized influential factors
Having evaluated the long-term wind energy potential in the previ

ous section, this section further assesses the wind resource distribution 
for wind industry development. Fig. 7 depicts the spatial distribution of 
the normalized energy-related factors, risk-stability-related factors, and 
environment-cost-related factors. In terms of the energy factors 
(Figs. 7a-c), a consistent southwest-northwest-southeast ascending 
pattern is revealed. High scores (> 0.7) are observed in most of the 
areas, showing favorable operational conditions for wind turbines, 
whereas the southwestern nearshore island-cluster area exhibits lower 
scores. In FWPD (Fig. 7a), excellent energy resources (scores >0.9) are 
detected along the eastern side of the SsA-SsB-DsD-DsA-PtB islands 
alignment. The scores gradually decrease northwestward, reaching 
0.7–0.8 in Hangzhou Bay. In both FWS (Fig. 7b) and BWS (Fig. 7c), the 
majority of the open sea areas, extending eastward from the SsC-DsB- 
ZsA-PtC islands alignment, exhibit excellent energy resources (> 0.9). 
Despite a general westward decline in scores, the region east of Hang
zhou Bay-ZsA-PtC islands alignment maintains higher scores with values 
consistently above 0.7. Areas around the alignment of PtC island and the 
western part of ZsA show fair resource levels, with scores between 0.6 
and 0.7. The southwestern area around the west of the ZsA-PtC islands 

alignment experiences lower scores in FWPD, FWS, and BWS (0.3–0.6) 
across Zhoushan, suggesting marginal wind resource in this region.

Among the risk-stability factors (Figs. 7d-g), the normalized STD, SV, 
and MV (Figs. 9d-f) show that the central region between PtA and DsA 
islands exhibits overall the lowest wind energy stability across 
Zhoushan, as reflected by scores exceeding 0.8. The reduced stability 
may compromise the consistency of wind turbine power output, despite 
the excellent energy resources in these areas (Figs. 7a-c). In contrast, the 
southwestern nearshore regions, despite their relatively lower energy 
potential (Figs. 7a-c), exhibit higher energy stability, with all three 
scores consistently below 0.5. The remaining areas present relatively 
moderate wind energy stability, with scores ranging from 0.5 to 0.8. The 
EWS (Fig. 7g) displays a southeast-northwestern-southwestern 
decreasing pattern. Extending eastward from SsA-SsB-DsD-DsB-PtC 
islands alignment and intensifying further offshore, high-frequency 
extreme wind speeds occur in the southeastern open seas (scores 
>0.6) and poses high risks to turbine integrity and safety. The remaining 
areas present relatively lower frequencies (scores <0.6), indicating 
comparatively limited risks for turbines. Lower extreme wind speeds 
frequency is observed in the southwestern nearshore island-cluster re
gion, with scores less than 0.3. Overall, the Figs. 7a-f illustrate an inverse 
relationship between the wind energy abundance and the corresponding 
stability and risk.

From an environmental-cost perspective (Figs. 7h-i), the Bathymetry 
and DC display complex patterns with pronounced localized variabilities 
because of the scattered distributions of all the islands. Water depth 
(Fig. 7h) increases from the western nearshore areas to eastern offshore 
areas in general. The deepest waters are typically found within navi
gation channels, particularly the one between Zhoushan Island and 
Ningbo City, where scores exceed 0.7. Regions characterized by deep 
water and significant distance from the coast are mainly located in the 
southeastern open seas, posing substantial technical and economic 
challenges for turbine installation and maintenance. In consequence, the 
southeastern seas are ranked as lower-priority zones for offshore wind 
energy development when evaluated from an environmental-cost 
perspective.

4.2.2. Wind resource classification map
Following the above normalized influential factors, the wind 

resource classification maps are developed by implementing the IOMCA 
method presented in Section 3.2. Fig. 8a shows the classification map 
considering both the energy and risk-stability factors, while Fig. 8b in
corporates the environmental-cost factors to highlight their impacts on 
offshore areas with scattered island distributions. From the energy and 
risk-stability perspective (Fig. 8a), the spatial distribution exhibits a 
pronounced concentric pattern, which is primarily influenced by the 
similar pattern of SV and MV, as shown in Figs. 7e-f. In general, the Y 
scores decrease from 1.0 at the periphery to around 0.2 at the center. 
The highest scores, exceeding 0.8, are concentrated in the northeastern 
sea areas, closely followed by the northwestern areas in Hangzhou Bay 
(0.75–0.85), suggesting excellent potential resources in these regions. 
Areas with scores of 0.6–0.8 are primarily distributed across the 
southeastern offshore seas and the northern offshore seas to the north of 
the SsC-SsB-SsA islands alignment, indicating fair to moderate resource 
potential. In contrast, poor resources (scores <0.3) are concentrated in 
the central area around PtA and DsA islands.

When the environmental-cost factors are involved (Fig. 8b), it is 
notable that they play a crucial role in highlighting the distinct regional 
variations of wind resources in multi-island areas. The original 
concentric classification pattern is significantly reshaped by the DC and 
Bathymetry, leading to a more heterogeneous distribution with highly 
tortuous and fragmented boundaries. Compared to Fig. 8a, regions 
farther from the shore with greater water depths experience a significant 
decline in scores, especially in the southeastern open sea areas where 
scores generally fall below 0.6, corresponding to Class 1 (poor) and Class 
2 (marginal) levels. On the contrary, nearshore areas with shallower 
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water depths exhibit a noticeable increase in Y-scores, particularly in the 
northern sea areas and southwestern nearshore regions, where scores 
exceed 0.6, indicating fair resource potential. High scores (> 0.7, Classes 
4–6) are still observed in Hangzhou Bay and along the northern side of 
the SsA-SsB-SsC islands alignment, while the northeastern region pre
sents a noticeable decline. The central region consistently presents 
overall lowest scores across the study area.

4.3. GIS-based spatial planning

Based on the wind resource classification map (Fig. 8b), uncon
strained areas are developed through GIS-based spatial planning and 
further categorized into six classes as shown in Fig. 9. The area around 
DsC island that falls into the top-class C6 is identified as the optimal 
region for wind power development. Other highly suitable areas are 
concentrated in parts of Hangzhou Bay and the eastern seas of Shanghai. 
The third-best siting area is concentrated in the northeastern seas 
around SsA island, encompassing C3 (worth considering) and C4 (suit
able) suitability levels simultaneously. The concentration of existing 
offshore wind farms, marked with orange dotted polygons, demonstrates 
the reliability of the results. Most of the eastern offshore seas that are 
classified as C2 remain a viable option depending on specific project 
requirements. The regions not recommended for turbine installation 
over Zhoushan are concentrated in the central and the southeasternmost 
C1 regions, owing to their low energy stability, high frequency of 
extreme winds, and great water depth, despite exhibiting high wind 
energy potential.

The technology potential of unconstrained areas is subsequently 
quantified to provide a reference for practical application. Note that the 
recommendation level for offshore turbine installation based on the 
classification map is independent of the estimated technical potential. 
Table 8 summarizes area and percentage of those unconstrained areas 
across the six classes, while Table 9 presents their technical potential in 
terms of WPTech considering three turbine types. Giving the varying 
construction costs and maintenance challenges of different offshore 
wind turbine types, the unconstrained areas are divided into two cate
gories, depths below 50 m for fixed-bottom turbines and depths between 
50 and 1000 m for floating turbines [73,74]. Construction priority in the 
results gives to the areas within 50-m water depth to minimize con
struction costs and reduce maintenance challenges. According to 
Table 8, a total of 14,327.87 km2 area is identified as unconstrained in 

the study area, of which 10,332.60 km2 lies in waters shallower than 50 
m. Areas suitable for floating wind turbines are concentrated in C1 and 
C2, totaling 3995.27 km2 and representing 27.88 % of the overall un
constrained area. The technical potential is sensitive to the specifica
tions of wind turbines, as shown in Table 9. Among the three turbines, 
the GW175–8.0 performs the best across the unconstrained areas in 
Zhoushan, generating the highest technical potential of 29.48 TWh/yr, 
including 8.55 TWh/yr contributed by floating turbines, owing to its 
high rated power and relatively low cut-in wind speed. The V164–8.0 
turbine yields a moderate technical potential of 24.18 TWh/yr. The 
minimum potential (19.78 TWh/yr) is produced by SWT6.0–154, which 
has the lowest rated power among these turbines. Within the available 
regions (C2-C6) for offshore wind turbine installation, the maximum 
technical potential is estimated at 25.19 TWh/yr based on the 
GW175–8.0, with 6.68 TWh/yr contributed solely by floating turbines in 
region C2. The technical potential in the optimal region C6 (0.67 TWh/ 
yr) is much lower than that of the optional region C2 (16.65 TWh/yr). It 
is primarily because the geographic area available for wind energy 
development of C6 (378.86 km2, 2.64 % of the total unconstrained area) 
is only 4.8 % of that in C2 (7852.78 km2, account for 54.81 %), as shown 
in Table 8.

5. Discussion

In this study, a new wind resource classification scheme, IOMCA, is 
developed to efficiently highlight inter-regional variations of wind 
resource potential and properly balance multiple influential factors in 
multi-island areas. The performance of IOMCA is further evaluated 
through comparison with two other approaches. Fig. 10a presents the 
classification map derived from the index-based OHI method [55,62] 
that integrates three wind-resource factors (WPD, FWPD, and MV) by 
using the formula Y =

(
WPDavg⋅FWPD

)
/MV. The weighted-additive 

approach integrates multiple normalized influential factors into a sin
gle index through assigned weights and is calculated as Y =
∑N

i=1 ai⋅sgn
(
fi
)
. In Fig. 10b, the widely used multi-criteria decision- 

making technique, AHP [75–77], is applied to determine the weights ai 
of each influential factor sgn(fi). The weight sets, which pass the con
sistency test with consistency ratio below 0.1, are presented in Table S1.

As shown in Fig. 10a, the index approach produces a relatively coarse 
spatial pattern and therefore fails to capture fine-scale regional 

Fig. 8. Wind resource classification maps. (a) Classification considering both energy-related and risk-stability-related factors. (b) Classification considering energy- 
related, risk-stability-related, and environment-cost-related factors. White dotted lines denote the six classification levels. Existing offshore wind farms (interpreted 
from Sentinel-2 imagery, shown in Fig. S4) are marked with green points. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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variations, owing to its reliance on a limited set of wind energy factors 
and the difficulty of proper weight-balance between unnormalized fac
tors. Although the existing offshore wind farms (labeled by green points) 
fall within feasible development regions with scores between 0.3 and 
0.7, these areas are not classified as the highly preferred zones by OHI. 
This inconsistency indicates that the method could roughly identify 
viable sites at a coarse resolution but lacks sufficient detail to distinguish 
optimal sites, thereby limiting its effectiveness for precise siting de
cisions in multi-island areas.

The weighted-additive method (Fig. 10b) presents general features of 
wind resource potential through balancing diverse or even contradictive 
factors. The existing wind farms are detected in regions with scores 
between 0.7 and 0.9, demonstrating the method’s capability to broadly 
identify viable sites. However, as WPD, the most direct indicator of wind 
energy, carries a much higher weight than other factors in the scoring 
formulation, the final classification map is primarily influenced by this 
factor. Consequently, the map exhibits limited score gradients across the 

study area, with most regions falling into high scores (> 0.7), and the 
spatial characteristics of other factors are largely obscured. For example, 
the negative impacts of SV and MV around the central region are less 
pronounced in this approach, whereas they are clearly reflected by the 
IOMCA method (Fig. 8b). Although weight adjustment can be made 
according to practical considerations, the assignments remain sensitive 
to regional characteristics and expert judgement, which would reduce 
the robustness and reproducibility of the weighted-additive approach 
across diverse areas.

By comparison, the unweighted IOMCA method (Fig. 8b) integrates 
multiple factors in a way that preserves their relative importance while 
maintaining balanced contributions across both inter-category trade- 
offs and intra-category factors. Specifically, in IOMCA, WPD serves as an 
independent core indicator of wind energy potential, while other 
influential factors are applied multiplicatively as corrective terms to 
adjust WPD. Factors with similar importance are grouped together (e.g., 
DC and Depth, categorized as environment-cost factors) and treated 

Fig. 9. Potential areas for offshore wind turbine installation. The areas are classified into six classes (C1-C6) based on the resource classification map in Fig. 10b. 
Spatial constraints, including marine function areas, Cross-Sea Bridge, major shipping lanes, submarine pipelines and cables, visible impact areas, and seabed slope 
restrictions, are overlaid to exclude unsuitable areas. Existing offshore wind farms are marked with orange dotted polygons. Areas with water depth greater than 50 
m are delineated by purple boundaries labeled “gt50”. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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equally within each group, while groups are combined multiplicatively 
to maintain independence and accentuate differences. This formulation 
design allows the method to amplify variations among different factors, 
enhancing the visibility of inter-regional variations. Overall, the IOMCA 
method offers a robust, reproducible, and refined unweighted multi
plicative framework for offshore wind siting decisions in multi-island 
areas with complex environmental conditions, providing a new way 
for resource assessment.

6. Conclusions

In recent years, the rapid development of offshore wind energy has 
significantly heightened interests in precise wind resource assessment 
and advanced turbine deployment methodologies. The paper presents a 
three-stage methodological framework for wind energy assessment and 
offshore wind turbine site identification in the Zhoushan Archipelago. A 
long-term assessment of near-hub-height wind energy is conducted 
using the optimal wind dataset for characterizing local wind patterns. To 
capture regional variations in wind resources, energy, risk-stability, and 
environmental-cost factors are integrated through utilizing the IOMCA 
method. Based on the resulting wind resource classification map, the 
unconstrained offshore wind turbine zones are identified through GIS- 
based spatial planning, and the technical potential of each classified 
zone is subsequently quantified.

Over Zhoushan, the annual WPD computed from the optimal wind 
dataset ERA5 ranges between 260 and 550 W/m2, with increasing trend 
from west to southeast. Most areas exhibit sufficient wind energy po
tential with WPD exceeding 420 W/m2 (above Class 4). The annual 
standard deviation of WPD exhibits the same increasing gradient with 
values ranging from 20 to 40 W/m2. The seasonal (SV: 0.3–0.65) and 
monthly (MV: 0.1–0.3) variations of WPD show a concentric pattern 
with values peaking in the central area around DsA and PtA islands. 
When three types of influential factors are all considered in the proposed 
classification method, areas of high wind resource potential (> 0.7) are 
concentrated in Hangzhou Bay and along the northern side of the SsA- 
SsB-SsC islands alignment. Except for the central Zhoushan region and 
the southeasternmost region (Class 1), most of the unconstrained areas 
under spatial planning are available for offshore wind turbine installa
tion, with higher classes indicating greater suitability. Areas close by the 
DsC island (C6) are the optimal sites for wind energy development. 
Other highly suitable areas (C4-C5) are concentrated in Hangzhou Bay 
and the eastern seas of Shanghai. The northeastern seas around SsA is
land, encompassing both C3 (worth considering) and C4 (suitable) 

levels, are ranked as the third-recommended sites. By considering three 
types of offshore wind turbines, the maximum technical potential rea
ches 29.48 TWh/yr, with 25.19 TWh/yr contributed from the available 
regions C2-C6, while the minimum is 19.78 TWh/yr across the uncon
strained areas over Zhoushan.

The proposed IOMCA method enables the integration of multiple 
factors while maintaining a balanced contribution across various fac
tors. By adopting a multiplicative framework, it effectively captures 
regional differences in multi-islands regions characterized by complex 
environmental conditions. The unweighted structure also improves its 
robustness and transferability to other regions. The consistency between 
the identified optimal zones and existing offshore wind farms confirms 
the method’s reliability. In summary, this study provides a valuable 
reference for renewable energy planning not only in the Zhoushan Ar
chipelago but also in other multi-island regions worldwide.
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