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ABSTRACT 

China’s offshore wind power experienced rapid 
growth but a subsequent deceleration. Regaining 
momentum requires improving lifecycle efficiency, 
defined as maximizing outputs (i.e., sea-depth, distance-
from-shore, electricity generation, and capacity factor) 
relative to inputs (i.e., turbine number, investment, 
subsidies, and area) under specified technical and scale 
conditions. This study analyzes 117 offshore wind farms, 
representing over 96% commissioned capacity during 
2010-2023, using output-oriented Data Envelopment 
and Malmquist Productivity Index (DEA-Malmquist) 
assessment to evaluate multi-level efficiencies. At the 
project level, technical efficiency improved, largely due 
to enhanced lifecycle electricity generation and 
optimized spatial utilization. Nevertheless, scale 
inefficiency remains, reflecting the depletion of high-
quality nearshore wind resources and unresolved 
technological challenges in deep-sea, far-offshore 
deployments. At the provincial level, Liaoning, Zhejiang, 
and Hebei exhibit lower technical and scale efficiencies 
compared to other coastal provinces, primarily 
attributed to suboptimal nearshore wind resource 
endowments. At the national level, efficiency evolved 
from fluctuations (2010-2016) to continuous growth 
(2017-2019) then declines (2020-2023), with strategic 
priorities shifting from site selection to turbine layout 
optimization, and ultimately to far-offshore technology 
adoption. These findings contribute to theoretical 
understandings of generation technology evolution and 
offer policy implications to address technical, financial, 
and regulatory constraints on sustainable offshore wind 
development. 
Keywords: Offshore wind farm, Data Envelopment 
Analysis, Malmquist Productivity Index, Life cycle 
assessment, Techno-economic analysis 
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1. INTRODUCTION 
Amid the low-carbon energy transition, the 

development of offshore wind power has been 
prioritized by the Chinese government and integrated 
into the national “Ocean Power” strategy [1]. Over the 
past decade, China’s offshore wind power has 
experienced high-speed growth but a subsequent 
deceleration, with its share in total renewable capacity 
rising from 0.06% to 2.63% during 2010-2021 but 
declining to 2.29% in 2023. Similarly, the annual 
contribution of offshore wind power to total renewable 
energy generation ascended from 0.02% to 4.22% during 
2010-2021, before falling to approximately 3.77% in 
2023. 

Over this process, China has emerged as a global 
leader in offshore wind power development, constituting 
over half of global installed capacity since 2022 [2]. 
However, comprehensive efficiency analysis of offshore 
wind farm (OWF) development and operation 
throughout the lifecycle remains lacking. Addressing this 
research gap is imperative to optimize resource 
allocation, maximize deployment and generation 
outputs, and accelerate the large-scale adoption of this 
renewable energy. Based on detailed data from 117 
OWFs approved during 2008-2021, representing over 
96% of commissioned offshore wind capacity in China 
from 2010 to 2023, this study employs output-oriented 
Data Envelopment Analysis (DEA) augmented by 
Malmquist Productivity Index assessment, with dual 
objectives to characterize efficiency evolution across 
project, provincial, and national levels, and to identify 
output optimization strategies through input-output 
reallocation. The study proceeds as follows: Section 2 
outlines the methodological and variable selection 
framework; Section 3 discusses empirical results; and 
Section 4 provides conclusions and implications.  

2. METHODOLOGY AND VARIABLES 

2.1 Methodology 
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The output-oriented DEA model, involving 𝑈 
outputs and 𝐼  inputs, calculates the global technical 
efficiency score 𝜃!!"  for the 𝑘th 
Decision Making Unit (DMU) in the CCR model.  
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Where 𝜀 is a non-negative infinitesimal value to ensure 
coefficient positivity. 𝑠'( and 𝑠%& denote non-negative 
slack variables for input and output constraints, 
respectively, and 𝜆-  represents structure variables. 
Among 𝑁 DMUs, 𝑥'- and 𝑦%- signify the quantity of 
𝑖th  input consumed and the amount of 𝑢th  output 
produced by the 𝑛th  DMU, correspondingly. On this 
basis, returns to scale (RTS) are derived from the dual 
form: a sum of dual weights equal to 1 indicates constant 
returns to scale (CRS), a sum less than 1 indicates 
increasing returns to scale (IRS), while a sum greater than 
1 indicates decreasing returns to scale (DRS).  

 
Fig. 1. Output-Oriented DEA-Malmquist methodological 
framework for multi-level efficiency analysis.      

An MI assessment is performed, integrating annual 
average inputs and outputs of newly commissioned 
OWFs. The output-oriented 𝑀𝐼//&+ for the period from 
𝑡 to 𝑡 + 1 is measured using Equation (2): 
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Where 𝐷6/(𝑥6/ , 𝑦6/) represents the distance function at 
𝑡  to the production frontier. 𝐷6/(𝑥6/&+, 𝑦6/&+)  denotes 
the distance function between 𝑡 and 𝑡 + 1, quantifying 
the maximum proportional change in total factor 

productivity (TFP) required to make (𝑥6/&+, 𝑦6/&+) 
feasible at 𝑡 + 1  compared to 𝑡 . By examining their 
ratios, 𝑀𝐼//&+ > 1  indicates an improvement in TFP, 
𝑀𝐼//&+ = 1  represents the same level of TFP, while 
𝑀𝐼//&+ < 1 signifies a decrease in TFP. 
2.2 Variable definition and selection 

Inputs and outputs represent utilized resources and 
generated outcomes correspondingly, as listed in Table 1 
and detailed below. The selection adheres to classical 
DEA principles of input minimization (i.e., less is better) 
and output maximization (i.e., more is better) under the 
positivity of all values.  

!"#$%&'&
Variable selections for output-oriented DEA-Malmquist models. 

Variables Unit 

Inputs 

𝒙𝟏	:Total turbine number  Count-based 
𝒙𝟐:	Lifecycle investment  2023 CNY 
𝒙𝟑	:Total subsidies 2023 CNY 
𝒙𝟒	:Project area 𝑘𝑚& 

Outputs 

𝒚𝟏	:Average sea depth Meter 
𝒚𝟐	:Average distance from shore Kilometer 
𝒚𝟑	:Lifecycle electricity generation GWh 
𝒚𝟒	:Lifecycle capacity factor % 

Input 𝒙𝟏: Total turbine number (Count-based) 
The total number of wind turbines positively 

correlates with vessel traffic volume, pile driving 
frequency, and annual avian mortality. Environmentally, 
increased vessel traffic raises diesel consumption, 
escalating greenhouse gas emissions [3]. Economically, 
noises and pulses from pile driving can disturb marine 
wildlife behavior, particularly in cod, herring, dab, and 
salmon [4]. Additionally, each wind turbine is associated 
with 0-50 bird fatalities due to collisions.  
Input 𝒙𝟐: Lifecycle investment (2023 CNY) 

The lifecycle investment of OWF 𝑖  comprises 
𝐶𝐴𝑃𝐸𝑋'./&.6  in the pre-commissioned year, 𝑂𝑃𝐸𝑋-.'  
over the operation lifecycle, and 𝐷𝐸𝐶𝐸𝑋.&+  after 25 
years of operation, as follows:  
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Where 𝐶𝐴𝑃𝐸𝑋'./&.6 is calibrated annually using specific 
inflation rates 𝑓9 . 𝑂𝑃𝐸𝑋-.'  is annualized as 2.5% of 
𝐶𝐴𝑃𝐸𝑋'./&.6 [6], with an annual growth rate 𝜗 of 0.1% 
for the first decade and rising to 0.2% thereafter [7]. 
𝐷𝐸𝐶𝐸𝑋.&+ is estimated at 1% of 𝐶𝐴𝑃𝐸𝑋'./&.6 [8] and 
adjusted by a discount rate 𝑟 of 8% [9, 10]. 
Input 𝒙𝟑: Total subsidies (2023 CNY) 

!
!
!

!"# "#BCDE)G#)+I
--.ILC+)MI

!"# "#BCDE)G#)+I
1--ILC+)MI

!! "# $ %&
#$% '! !

OIPCG4)RE# I I
PCG #D8EG#I9I

:CP8MI#)P;GEP8MI
)<<EPE)GP I

!()**+, !

=)P;GEP8MI)<<EPE)GP I

=CIPCL M)L)G#I #8#EPI>?OID) "M# I

-., $
(**/+,
()**+,

!

=;)IC4)DM8 I@)#A))GI
#;)I --.I 8G+I 1--I
<DCG#E)D I  EBGE<E) I
C #EL8ME# C !

 P8M)I)<<EPE)GP I

bMC@8MI#)P;GEP8MI
)<<EPE)GP I

!(**/+, !

=CIB8"B)IG8#ECG8MBM)4)MI)<<EPE)GP I+ G8LEP CI

=;)IC"# "#BCDE)G#)+I>8#8I?G4)MC L)G#IOG8M  ) I

=;)IC"# "#BCDE)G#)+I 8MLd"E #IeDC+"P#E4E# IfG+)RI8  )  L)G#I



3 

For OWFs commissioned by the end of 2021, 
national subsidies for grid-connected electricity were 
granted through different mechanisms, depending on 
the approval year: (1) Cost-plus method was applied to 
pilot OWFs approved before 2010; (2) Market-bidding 
method was used for OWF approved before 2015, with 
the bidding prices ranging within 0.6235-0.7370 
CNY/kWh; (3) Benchmark Feed-in Tariffs (FITs) were 
established at 0.75 CNY/kWh for intertidal projects and 
0.85 CNY/kWh for offshore projects approved in 2015-
2018; (4) Guide FITs were applicable for OWF approved 
in 2019-2020, with a gradual reduction from 0.8 
CNY/kWh to 0.75 CNY/kWh. In national subsidies, the on-
grid price comprises two components: the benchmark 
coal-fired power prices paid by electric utilities and the 
remainder covered by national subsidies from the 
National Renewable Energy Fund (NREF). 

As offshore wind power approaches plant-side grid 
parity, national subsidies were eliminated and replaced 
by provincial-specific subsidies. These include one-time 
capacity subsidies implemented in Shanghai (2022-
2026), Guangdong (2022-2024), and Shandong (2022-
2024), and ten-year Feed-in Premiums in Zhejiang (2022-
2023). Subsidy eligibility and values vary by province and 
depend on project location, approval date, and 
commissioning timeline. In general, subsidy amounts are 
structured on a declining schedule over time.  

Input 𝒙𝟒: Project area (𝒌𝒎𝟐) 
Sea areas occupied by OWFs constitute their marine 

footprint. Given China’s congested maritime zones, 
extensive OWF footprints can disrupt aquatic 
ecosystems, constrain fishing and recreational activities, 
and interfere with marine transportation, including 
container shipping, bulk cargo logistics, defense vessel 
movements, and passenger ferry operations.  
Outputs 𝒚𝟏&	𝒚𝟐 : Average sea depth (Meters) & 
Average distance from shore (Kilometers) 

Wind turbines are increasingly deployed further 
from shore and into deeper sea in response to the 
diminishing availability of nearshore space. Among the 
studied OWFs, the average distance from shore 
increased from 2 to 75 kilometers, and the average sea 
depth rose from 1.88 to 45 meters during 2010-2023.  
Output 𝒚𝟑: Lifecycle electricity generation (GWh) 

Lifecycle electricity generation is estimated using 
the baseline annual electricity generation from the 
OWF’s Environmental Impact Assessment Report, 
adjusted for the annual turbine degradation rate of 0.1% 
[10] and the annual cable loss rate of 1% [11]. 

Output 𝒚𝟒: Lifecycle capacity factor (%) 
The lifecycle capacity factor quantifies the 

generation efficiency of an OWF by comparing its 
baseline electricity generation under on-site wind 
conditions to the theoretical maximum electricity 
generation of installed offshore wind capacity. 

Variables in sensitivity analysis 

To examine the potential impacts of outliers and 
measurement errors on efficiency scores derived from 
the output-oriented DEA-Malmquist models, a sensitivity 
analysis is conducted by varying input-output variable 
combinations from Model 1, as presented in Table 2. 

Table 2 
Variable combinations in output-oriented DEA-Malmquist models. 

Variables 
Models 

1 2 3 4 5 6 7 8 9 
𝒙𝟏:Total turbine number √ × √ √ √ √ √ √ √ 
𝒙𝟐:Lifecycle investment √ √ × √ √ √ √ √ √ 
𝒙𝟑:Total subsidies √ √ √ × √ √ √ √ √ 
𝒙𝟒:Project area √ √ √ √ × √ √ √ √ 
𝒚𝟏:Average sea depth √ √ √ √ √ × √ √ √ 
𝒚𝟐:Average distance from shore √ √ √ √ √ √ × √ √ 
𝒚𝟑:Lifecycle electricity generation √ √ √ √ √ √ √ × √ 
𝒚𝟒:Lifecycle capacity factor √ √ √ √ √ √ √ √ × 

3. RESULTS AND DISCUSSIONS 

3.1 Project-level efficiency 

Most of the studied OWFs demonstrate favorable 
technical efficiency, with average CCR and BCC scores of 
0.56 and 0.81, respectively. Local technical efficiencies 
are at least as high as corresponding global technical 
efficiencies, on the grounds that the BCC model features 
a more inclusive efficiency frontier by not imposing 
constant scale constraints. Under tighter data 
enveloping, 28 OWFs are classified as efficient with BCC 
scores exceeding 0.8, considering input-output 
relationships that vary with scale. However, only 8 OWFs 
attain CCR scores above 0.8, when assuming 
proportional increases in inputs and outputs. This 
discrepancy underscores persistent scale inefficiencies in 
OWF development and operation, with 95 OWFs 
exhibiting scale efficiency scores below 0.8. This reveals 
input underutilization leading to inconsistent output 
levels relative to existing technical conditions.  

To determine whether to scale up or down inputs, 
the RTS serves as a useful reference. 99 OWFs are 
examined as having DRS, meaning their outputs increase 
at a diminishing rate as inputs increase. This suggests 
inputs are excessive relative to output levels and should 
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be scaled down to improve efficiency. Conversely, 8 
OWFs exhibit IRS, indicating that outputs can increase 
more than proportionally with inputs increase. This 
implies that optimal productivity can be achieved by 
scaling up inputs.  

 
Fig. 2. Efficiency scores of 117 China’s OWFs. 

The efficiency scores of 117 OWFs, including mean, 
median, and minimum values, exhibit highly correlated 
variations across Models 2-9 (see Fig.3), indicating a 
symmetrical distribution without extreme or discrete 
values. Among the inputs, the total turbine number has 
no significant impact on technical or scale efficiencies. By 
contrast, lifecycle investment is the most influential 
input and can be optimized by scaling it down, as its 
exclusion in Model 3 decreases the average CCR, BCC, 
and scale efficiency scores by 20.05%, 2.99%, and 
19.36%, respectively, resulting in 33 OWFs shifting from 
DRS to IRS, and 2 OWFs from CRS to IRS. Moreover, area 
utilization proves efficient under existing technical and 
scale conditions, as its removal in Model 5 decreases 
CCR, BCC, and scale efficiency scores. Nevertheless, the 
implementation of subsidies is less efficient than 
anticipated, with its removal in Model 4 increasing 
average CCR and scale efficiency scores by 2.30% and 
2.23%, respectively. 

Among the output variables, lifecycle electricity 
generation exerts the most significant impact on 
technical and scale efficiencies. Its removal in Model 8 
decreases average CCR, BCC, and scale efficiency scores 
by 48.52%, 2.20%, and 49.36% respectively, leading to 57 
OWFs shifting from DRS to IRS. These findings suggest 
favorable efficiency in electricity generation among the 
studied OWFs, assuming manageable machinery 
degradation and no extreme meteorological conditions. 
However, the outputs of sea depth and distance from 

shore appear inefficient, as their exclusions in Models 6 
and 7 increase CCR and scale efficiency scores and result 
in 3-5 OWFs transiting from DRS to IRS. To improve the 
efficiency of deeper-sea and farther-offshore 
deployments, prioritizing R&D investment in marine 
operational equipment becomes essential. Additionally, 
the lifecycle capacity factor, determined by nameplate 
turbine capacity and available wind resources, reflects 
preferable technical efficiency but scale inefficiency, as 
its removal in Model 9 decreases technical efficiency 
scores while increasing scale efficiency scores and 
bringing about 5 OWFs shifting from DRS to IRS.

 
Fig. 3. Project-level efficiency scores across nine output-

oriented DEA models. 

3.2 Provincial-level efficiency  

This study incorporates provincial average inputs 
and outputs into the output-oriented DEA model to 
evaluate the efficiency of OWF development and 
operation at the provincial level (see Fig.4). Fujian, 
Guangdong, Jiangsu, Shandong, and Shanghai exhibit 
optimal efficiency, as indicated by their positions on the 
CCR, BBC, and scale efficiency frontiers in Model 1. 
Additionally, according to Models 2-9, these provinces 
maintain relatively balanced technical and scale 
efficiencies across inputs and outputs, except for Jiangsu, 
where improved technical efficiency is primarily 
attributed to increases in distance from shore from 2.8 
to 72 kilometers during 2010-2023. Comparatively, 
Liaoning, Zhejiang, and Hebei exhibit lower and highly 
imbalanced technical and scale efficiencies across inputs 
and outputs. In Liaoning and Hebei, efficiencies are 
positively influenced by lifecycle investment and deeper 
sea, farther-offshore deployments, as indicated by 
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Models 3, 6, and 7. In Zhejiang and Hebei, one shared 
dilemma is the scale inefficiency caused by limited 
nearshore wind resources, as indicated by Model 9. 
Notably, subsidy implementation and area utilization 
demonstrate favorable efficiencies in Zhejiang, as 
Models 4 and 5 suggested. 

Given the generally favorable development and 
operation efficiency at the provincial level, an increasing 
number of OWFs were approved and under construction 
across these eight coastal provinces in 2024 (see Fig. 4). 
Beyond these pioneering provinces, Hainan, Guangxi, 
and Tianjin have initiated offshore wind power 
development, with 7 OWFs under construction in 
Hainan, 2 in Guangxi, and 1 in Tianjin, several of which 
were scheduled for commissioning during 2024.  

3.3 National-level efficiency evolution 

Based on the MIs variation trajectory measured by 
Model 1, the efficiency of OWF development and 
operation in China can be divided into three distinct 
phases (see Fig.5): (1) Wide-range fluctuations during 
2010-2016, amid the transition from pilot support to 
concession bidding and then FITs implementation; (2) 
Continuous growth in 2017-2019, supported by stable 
long-term benchmark FITs; (3) Notable declines from 
2020 under subsidy phase-outs, culminating in a 
historical low in 2022 after FITs’ termination.  

In the initial phase, efficiency fluctuations were 
majorly influenced by lifecycle electricity generation, as 

suggested in Model 8, primarily treated as site selection 
issues related to available wind resources. In the second 
phase, efficiency improvements were predominantly 
affected by project area and the average distance from 
shore, as indicated in Models 5 and 7, mainly pertaining 
to the layout of offshore wind turbines. In the third 

phase, efficiency declines in 2021-2022 were mainly 
influenced by subsidy implementation, as noted in 
Model 4, under the elimination of FITs subsidies and their 
replacement with less efficient provincial subsidies. 
Additionally, the persistently low efficiency observed in 
2022-2023 is largely attributed to the immaturity of 
farther-offshore technologies, as identified in Model 7.  

 
Fig. 5. Project-level efficiency scores across nine output-

oriented DEA models. 

 
Fig. 4. Provincial-level efficiency scores across nine output-oriented DEA models. 

Notes: For each province, the number of commissioned OWFs by the end of 2023 is shown in blue parentheses, and the 
number of OWFs under construction during 2024 is shown in red parentheses. 
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4. CONCLUSION AND IMPLICATIONS 
Using detailed data from 117 OWFs commissioned 

during 2010-2023, this study develops an output-
oriented DEA-Malmquist model to analyze the multi-
level efficiency of OWF development and operation in 
China. Several key conclusions are drawn: At the project 
level, favorable technical efficiency but persistent scale 
inefficiency are largely influenced by investment and 
electricity generation over the lifecycle. Since inputs in 
most studied OWFs are proven excessive relative to 
output level, as evidenced by their DRS characteristics, 
scaling down inputs is necessary to improve efficiency. At 
the provincial level, Fujian, Guangdong, Jiangsu, 
Shandong, and Shanghai exhibit higher technical and 
scale efficiencies in OWF development and operation, 
compared to Liaoning, Zhejiang, and Hebei, whose 
efficiencies are primarily constrained by inadequate 
nearshore wind resources and underdeveloped farther-
offshore, deeper-sea technologies. At the national level, 
the efficiency of OWF development and operation 
experienced three distinct phases: A fluctuation phase 
(2010-2016) during the scheme transition from pilot 
support to concession bidding and then FITs 
implementation; A continuous growth phase (2017-
2019) supported by stable long-term benchmark FITs 
subsidies; A notable decline phase (2020-2023) under 
subsidy phase-outs. Throughout these phases, the 
priority focus shifted from site selection to turbine 
layout, finally to far-offshore technology utilization.  

These conclusions hold both theoretical and 
practical implications. The efficiency trajectory of China’s 
OWF development and operation aligns with Jamasb 
[12]’s technical change theory about the progression of 
generation technology through emerging, evolving, and 
reviving stages. To advance offshore wind technology 
toward maturity, targeted strategies are proposed to 
collectively overcome major technical, financial, and 
regulatory bottlenecks. First, standardizing site selection 
through the integration of high-resolution mapping and 
long-term climate projection modeling can mitigate 
inefficiencies arising from less favorable wind resource 
availability. Second, optimizing spatial zoning by 
regulating turbine layout density and distance to shore 
could minimize wake effects and transmission losses 
while ensuring cost-effective operation. Third, stabilizing 
post-subsidy revenue streams requires prioritizing 
offshore wind power in green certificate markets and 
provincial renewable portfolio standards, thereby 
sustaining offshore wind capacity deployment and 
electricity generation momentum. Fourth, R&OWF 
investments in floating foundations and submarine cable 

systems are essential to enable efficient deep-water and 
far-offshore deployments. Finally, establishing a 
centralized database for OWF performance monitoring 
over the operational lifecycle, particularly in generation 
yields, investment efficacy, and spatial utilization, can 
support adaptive policymaking in response to 
technological and market changes.  
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