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ARTICLE INFO ABSTRACT

Keywords: Offshore wind farms can affect marine ecosystems by altering phytoplankton carbon concentration and water
Hydrodynamics quality. However, most existing studies rely on single observation methods, limiting a comprehensive under-
Eutrophication

standing of these impacts. In this study, field measurements, remote sensing, and numerical simulations were
integrated to assess the effects of offshore wind farms on surrounding phytoplankton carbon and water quality,
and to explore their relationships. The results showed that (1) the integrated approach effectively captured both
large-scale patterns and local dynamic changes in phytoplankton carbon concentration and water quality; (2)
offshore wind farms increased phytoplankton carbon and chlorophyll-a concentrations. In summer, the phyto-
plankton carbon and chlorophyll-a concentrations inside the wind farm were more than twice those outside the
wind farm; in winter, the phytoplankton carbon and chlorophyll-a concentrations inside the wind farm were
approximately 1.5 and 1.1 times those outside, respectively; (3) dissolved oxygen, inorganic nitrogen, and
inorganic phosphorus also increased inside the wind farm. Compared with those outside the wind farm, their
increases were 2.93%, 45.72%, and 41.0% in summer, and 1.12%, 39.04%, and 49.59% in winter, respectively.
(4) changes in phytoplankton carbon and chlorophyll-a were mainly driven by wind-farm-induced disturbances
to the local flow field, rather than by nutrient limitation.

Phytoplankton carbon concentration
Remote sensing

land and ocean tend to weaken under the combined effects of climate
change and land-use disturbance. At the same time, as the ocean absorbs

1. Introduction

Driven jointly by anthropogenic interventions and global climate
change, significant changes are taking place in regional-scale water
cycles, energy cycles, and carbon cycles across both terrestrial and
marine systems. The spatiotemporal patterns of terrestrial water storage
and extreme hydrological events are being continuously reshaped,
increasing the uncertainty of regional water-resource management and
ecological stability (Abhishek and Kinouchi, 2021; Abhishek et al.,
2021; Xiong et al., 2022). Meanwhile, the imbalance in the Earth’s en-
ergy budget and the continued accumulation of ocean heat have led to
ocean warming, intensified marine heatwaves, cryosphere melting, and
sea-level rise, further altering regional climate regulation and ecological
environmental conditions (Venegas et al., 2023). With the continued
accumulation of greenhouse gases, the carbon sink functions of both

more atmospheric COj, ocean acidification and deoxygenation are
intensified, adversely affecting the structure and function of marine
ecosystems (Bijma et al., 2013). Against this background, carbon
neutrality has become an important global strategic goal for addressing
climate change and promoting green and low-carbon transformation.
The world is accelerating its transition to renewable energy systems (De
La Pena et al., 2022), and renewable energy is increasingly becoming a
core component of national energy policies (Potr¢c et al., 2021).

The world is accelerating its transition to renewable energy systems
with renewable energy gradually becoming a key component of national
energy policies. Offshore wind power, as an important renewable energy
source, is increasingly becoming a crucial part of the global energy
transition due to its abundant offshore wind resources, lower wind
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shear, and higher energy production (Li et al., 2020). Moreover,
compared to onshore wind farms, offshore wind farms can typically
harness more stable and stronger wind, reduce competition for land
resources, and avoid interference with human activities. Therefore,
offshore wind farms have gradually become a focal point for energy
development in many countries (Chen and Lin, 2022).

Despite the significant potential of offshore wind farms in carbon
reduction and increasing renewable energy production, (Bailey et al.,
2014) indicated that the construction and operation of offshore wind
farms can have potential environmental impacts. (Nunneri et al., 2008)
suggested that the construction of offshore wind farms leads to distur-
bance of seabed sediments, affecting the habitat of surrounding marine
organisms. (Lindeboom et al., 2011) pointed out that offshore wind
farms may alter water flow patterns, potentially impacting the distri-
bution of marine plants. Additionally, research by (Bergstrom et al.,
2014) found that the electromagnetic fields generated by offshore
wind farms could interfere with the activities of surrounding marine
organisms. Therefore, as offshore wind farms continue to expand in
scale, the potential environmental issues associated with their devel-
opment should not be overlooked.

To explore the potential impacts of offshore wind farms on phyto-
plankton carbon (PC) concentration and water quality, (Kordan and
Yakan, 2024) used in-situ data, with chlorophyll-a (Chl-a) concentra-
tion as a representative indicator of phytoplankton biomass, to analyze
the impact of offshore wind farms on phytoplankton populations in the
North Sea. The results showed that the construction and operation of
offshore wind farms reduced the richness of phytoplankton. (Wang, Ru,
et al.,, 2023) collected numerous samples data from the Putaodao
offshore wind farm in China, finding that the concentration of heavy
metals in the water near the center of the wind farm increased. Similarly,
(Hong et al., 2024) conducted field surveys to collect water quality data
from the Guishan offshore wind farm and used indices such as the
Shannon-Weaver index to describe the phytoplankton community
structure. The results indicated that the operation of offshore wind farms
had a minimal impact on the structure of the phytoplankton community.

Field survey sampling has provided valuable evidence for assessing
the impact of offshore wind farms on PC concentration and water
quality. However, the high cost of data collection and the limited spatial
coverage restrict the feasibility of large-scale studies. To overcome these
limitations, (Lecordier et al., 2025) attempted to use remote sensing to
assess the impact of wind turbines in offshore wind farms on water
quality. They found that offshore wind farms affect the concentration of
suspended particulate matter around the wind turbines. (Lu et al., 2022)
used remote sensing data to evaluate the impact of offshore wind farms
on Chl-a concentration, finding a clear aggregation of Chl-a around the
turbines. These studies provide important references for using remote
sensing data to monitor the impact of offshore wind farms on water
bodies. However, they also found that while remote sensing technology
enables low-cost and large-scale monitoring of water quality changes, its
temporal and spatial resolution limitations make it difficult to describe
in detail the impacts of offshore wind farms on water bodies.

To address these issues, (Floeter et al., 2017) employed a combina-
tion of in-situ data and numerical simulations to more precisely assess
the impact of offshore wind farms on water quality in three-dimensional
space. Using an offshore wind farm in the North Sea of Europe as a case
study, they evaluated the impact of offshore wind farms on phyto-
plankton and Chl-a concentrations. Their findings indicated that while
the concentration of Chl-a increased, the phytoplankton biomass did not
show a widespread increase. The advantage of numerical simulations
lies in their ability to handle the complex interactions between hydro-
dynamics and ecological processes, simulating dynamic processes such
as water flow, nutrient cycling, and community changes, and projecting
the trends and patterns of water quality and ecosystem evolution (Ganju
et al., 2015). However, numerical simulations require a large amount of
in-situ data input, which limits their application on a large scale.

In this study, we aim to develop an approach that integrates the
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advantages of in-situ measurements, remote sensing, and numerical
simulations to assess the impact of offshore wind farms on PC concen-
tration and water quality. The significance of this research lies in the
following: (1) combining the efficiency and broad coverage of remote
sensing data with the detail and accuracy of numerical simulations, we
propose a multi-scale research method to evaluate the potential impacts
of offshore wind farms on PC concentration and water quality; (2) by
coupling hydrodynamic and eutrophication models, we analyze the
relationship between PC concentration and water quality in offshore
wind farms, identifying key factors that influence PC.

2. Data
2.1. Study area

The study area of this research is the Dalian Zhuanghe Offshore Wind
Farm, located off the eastern side of Shicheng Island in Zhuanghe City,
Liaoning Province, China, as shown in Fig. 1. This offshore wind farm is
the largest in northern China, situated approximately 35.2 kilometers
from the shore, with a planned area of 55.8 square kilometers and a total
installed capacity of 650 MW. The average water depth in the area is 30
meters.

2.2. In-situ data

2.2.1. Tide and current data

Tidal and current data were obtained through in-situ measurements
at water level monitoring stations, as shown in Fig. 1 (b). We used the
Signature1000 Acoustic Doppler Profiler to measure hydrodynamic
parameters such as water levels, current velocity, and current direction.
This device is known for its high precision and stability, capable of real-
time recording of tidal variations and water flow characteristics,
providing reliable data for subsequent hydrodynamic simulations.

The data were collected from May 16, 2023, to July 31, 2023, with a
time interval of 10 minutes. These measurements offer a detailed un-
derstanding of the tidal and current dynamics in the area around the
Dalian Zhuanghe Offshore Wind Farm, which is crucial for assessing the
environmental impacts.

2.2.2. Depth data

The bathymetric data were obtained from the China Maritime Elec-
tronic Chart Service (https://www.chart.msa.gov.cn/customer/home),
which fully covers the study area. The data points are spaced between 1
to 4 kilometers apart, allowing for effective capture of the variations in
the seabed topography in the region.

These depth measurements provide a detailed and accurate repre-
sentation of the seabed topography, which is crucial for understanding
the hydrodynamic conditions, sediment dynamics, and ecological pro-
cesses, such as nutrient distribution and phytoplankton growth, in the
vicinity of the Dalian Zhuanghe Offshore Wind Farm. The data are also
vital for improving the accuracy of hydrodynamic models used to assess
the potential environmental impacts of the wind farm.

2.2.3. Water quality data

The water quality data were sourced from the Marine Water Quality
Monitoring Information Public System (http://ep.nmemc.org.cn:8888/
Water/). Key water quality indicators, including dissolved oxygen (DO),
inorganic nitrogen (IN), and soluble reactive phosphorus (SRP), were
selected for this study. SRP was chosen as an indicator of dissolved
inorganic phosphorus (IP) due to its high proportion in the IP fraction of
seawater (Liu, Mao, et al., 2024).

The data cover two periods: May and July 2023 (summer), and
October and December 2023 (winter), with a total of 47 samples. The
sampling sites for water quality data are shown in Fig. 1 (b). The mea-
surements of DO, IN, and IP are crucial for understanding the nutrient
dynamics and overall water quality in the study area, and for assessing
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Fig. 1. Location of the study area (a) The geographic location of the Dalian Zhuanghe Offshore Wind Farm. (b) The coverage area of numerical simulations and

remote sensing imagery. (c) Comparison areas inside and outside the wind farm.

the potential impact of the offshore wind farm on the surrounding ma-
rine environment.

2.3. Remote sensing data

2.3.1. Phytoplankton carbon concentration data

This study used the MODIS L2B GIOP (Global Ocean Observing
Platform) data product (https://modis.gsfc.nasa.gov/data/dataprod/
Cphyt.php). These data are processed from the raw observations ob-
tained by the MODIS satellite through various steps, including algo-
rithmic processing, atmospheric correction, and geographic correction.
(Graff et al., 2015) applied this data for the calculation of PC concen-
tration, and the results indicated that this method provides high accu-
racy and reliability. We selected data from two periods: May 1 to July
31, 2023 (summer), and October 1 to December 31, 2023 (winter). A
total of 87 images covering the study area were screened, including 38
images in summer and 49 images in winter, with a spatial resolution of 1
km.

2.3.2. Chlorophyll-a concentration products

The Chl-a concentration product used in this study MODIS L2.0C
product, which is derived from atmospheric correction, sea surface
reflectance processing, and pigment concentration inversion algorithms.
This product effectively eliminates the influences of atmospheric and sea
surface reflections, providing accurate Chl-a concentration measure-
ments (Bailey and Werdell, 2006). In situ measurement data were used
as ground truth to validate the Chl-a concentration product, and (Hu
et al.,, 2019) conducted a global evaluation of the product, which
demonstrated that the MODIS Chl-a concentration product is highly

reliable. We selected Chl-a concentration data from two periods: May 1
to July 31, 2023 (summer), and October 1 to December 31, 2023
(winter). A total of 87 Chl-a images covering the study area were
screened, including 38 images in summer and 49 images in winter, with
a spatial resolution of 1 km.

3. Methods
3.1. Numerical simulation

3.1.1. Hydrodynamic process simulation

We constructed a hydrodynamic model based on the fluid dynamics
equations and boundary control conditions to simulate hydrodynamic
processes. This model is widely used in hydrology, hydraulic engineer-
ing, marine environmental studies, and ecosystem simulations, as it
effectively simulates water flow, tides, waves, wind fields, and their
interactions with environmental factors (Jia et al., 2018). The model
assumes the hydrostatic approximation and the Boussinesq approxima-
tion, with the governing fluid dynamics equations being describable in a
Cartesian coordinate system (Zhang et al., 2023).

(1) Fluid dynamics equations

du ov ow
u oF on owu_
ot ' ox dy 0z
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where x, y, and z are coordinates in the Cartesian coordinate system; 7 is
the symbol indicating the elevation of the surface; d denotes the depth of
the water at rest; h=n+d is the representation of the depth of the total
water; u, v, and w are the velocity components in the x,y, and z di-
rections; f is the Coriolis force parameter; g represents the gravitational
acceleration; p is the density of seawater; sxy,Sxy,Syx, and sy, represent the
component of the radiation stress tensor in the x,y direction; v; repre-
sents the vertical eddy viscosity coefficient; Pa is the representation of
the pressure of the atmosphere; py is the representation of the density of
water at a reference state; S is the point source discharge amount; and ug,
vs are the component velocities in the x and y directions when dis-
charged into the water body.

(2) Boundary control conditions

Land Boundary (Eq. (4)):
Flow Velocity:

Vx7=0 Q)

Open Boundary Conditions (Equations (5)—(7)):
Water level:

{ey bl = (xy,0) &)
Velocity:

u(x~,}’~, t)ll‘ = u*(x.,y, t) (6)

V(X,_}Qt)‘r :V*(th,t) (7)

3.1.2. Phytoplankton carbon concentration and water quality

After constructing the hydrodynamic model, we used the eutrophi-
cation model to simulate PC concentration and water quality. This
model is built on the foundation of the hydrodynamic model, allowing
for tight coupling between the two. The model is capable of simulating
the growth, reproduction, and mortality processes of phytoplankton and
zooplankton, and it provides a detailed description of the nutrient
cycling processes in the water body (Guo et al., 2025). The ecological
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Fig. 2. Ecological processes of the eutrophication model.
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processes in the eutrophication model are shown in Fig. 2 (Flindt and
Kamp-Nielsen, 1997).

The water quality model: (1) Phytoplankton production; (2) Phyto-
plankton sedimentation; (3) Grazing; (4) Phytoplankton death; (5)
Zooplankton excretion; (6) Zooplankton death; (7) Zooplankton respi-
ration; (8) Mineralization of suspended detritus; (9) Detritus sedimen-
tation; (10) Sediments mineralization; (11) Sediment accumulation;
(12) Macroalgae production; (13) Macrophyte sloughing; (14) External
exchange; (15) Sedimentation of macroalgae; (16) Eelgrass; (17) Eelgrass
production; (18) Eelgrass sloughing.

3.1.3. Grid setup and model initialization

In this study, we used an irregular triangular grid to discretize the
computational domain. The grid density gradually increases from the
inner sea to the outer sea. The offshore wind farm in the study area
employs monopile-type turbines (Floeter et al., 2017; Rezaei et al.,
2023), and the areas surrounding the turbines were treated as no-flow
areas in the model (Cazenave et al., 2016; Hendriks et al., 2025).
Therefore, a no-flow boundary condition was applied in the wind farm
region, treating it as a static area. To ensure computational accuracy, we
implemented local grid refinement around the wind turbines (see
Fig. 3).

Furthermore, the entire model was vertically divided into five layers
along the water depth, resulting in a total of 72,062 grid cells. In addi-
tion, we adopted a uniform sigma-layer scheme, dividing the water
column vertically into five equal-proportion layers. This grid configu-
ration allows for precise modeling of hydrodynamic and ecological
processes, ensuring that the model can accurately simulate the in-
teractions between water movement, nutrient cycling, and the effects of
the offshore wind farm on the surrounding marine ecosystem.

The simulation periods of the model were from 00:00 on May 1, 2023
to 00:00 on July 31, 2023 (summer), and from 00:00 on October 1, 2023
to 00:00 on December 31, 2023 (winter), with a time step of 1 hour.
During these period, the model was validated using measurement data.
The influence of the initial water level on the simulation results was
found to be minimal, and the model reached a stable state after running
for a period of time. Therefore, we adopted a cold start approach,
assuming that the initial flow velocity and water level across the entire
domain were both zero.

For the eutrophication model, the initial values were taken from the
average concentrations of PC, Chl-a, DO, IN, and IP data collected in
May. This approach allowed for a more accurate representation of the
initial conditions in the study area, ensuring that the model could
simulate the nutrient and ecological dynamics effectively.

3.2. Calculations using remote sensing data

The PC concentration was derived from the MODIS L2B GIOP data
product, specifically bbp_s_giop and bbp_443_giop. The backscattering
coefficient at a wavelength of 470 nm, denoted as bbp_470, is calculated
based on the relationship between bbp_443_giop and the slope coeffi-
cient bbp_s_giop. The formula is as follows (Graff et al., 2015):

bbp_470 = bbp,443,giop(%)bbp‘s‘gi"" (8)

where bbp_443 represents the backscattering coefficient at a wavelength
of 443 nm, and bbp_s_giop is the slope coefficient, which characterizes
the spectral shape and is dimensionless.

The relationship between PC concentration (carbon_phyto) and
bbp_470 is described by the following linear equation:

carbon_phyto = al(bbp_470) + bl (©)
where al = 12128 and bl = 0.59, dimensionless. According to this

formula, the backscattering coefficient bbp_470 is calculated using
Equation (8), and the PC concentration is subsequently obtained, with
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units in mg/L.
4. Results
4.1. Simulation results validation

4.1.1. Validating tidal current speed and direction

To validate the accuracy of the hydrodynamic simulation results, we
used tide, tidal current speed, and flow direction measured by the tide
water level monitoring stations, as shown in Fig. 1. The Pearson corre-
lation coefficient (PCC) was selected to measure the linear correlation
between the simulated results and the observed data. A PCC value of 1
indicates no difference between the simulated and observed values.
When the PCC exceeds 0.65, the simulation results are considered
excellent. Values between 0.65 and 0.5 are considered very good, while
values between 0.5 and 0.2 are rated as good. When the PCC is less than
0.2, the results are regarded as poor. A value of 0 indicates complete
disagreement between the simulation and measured values (Zhang
et al., 2023).

The validation period covered 77 data records, corresponding to
00:00 GMT each day from May 16, 2023 to July 31, 2023. Considering
that the model requires an initial adjustment period under the cold-start

Water level(m)

condition, we used the data after the model had run for half a month and
reached a relatively stable state for validation. As shown in Fig. 4, both
the variations in water level and the high and low tide values are nearly
identical between the calculated and measured values, with the timing
of high and low tide events also being in close agreement. The calculated
PCC was 0.99, indicating a strong correlation between the simulated and
measured water levels, and the simulation results exhibit minimal de-
viation from the actual conditions.

We used the measured current velocity data at the water level
monitoring stations to validate the model. The observed water depth at
the station was 23.22 m. Each vertical layer corresponded to 20% of the
local total water depth, with a thickness of approximately 4.64 m for
each layer. After the model reached a stable state, we extracted the
simulated current velocity and direction for each vertical layer at 00:00
each day from May 16, 2023 to July 31, 2023, and compared them with
the observed data at the corresponding layers.

Fig. 5 (a)- (e) present the validation results of current velocity for
each vertical layer at the water level monitoring stations. The results
show that the model can reasonably reproduce the variation charac-
teristics of current velocity at different vertical layers at this station. For
the upper four layers, the overall variation trends of the simulated values
are consistent with those of the observed values, with PCC values of

== O~ Simulation
=@ Observation

PCC=0.99

1 1 1 1 1 1 I
2023-05-16 2023-05-23 2023-05-30 2023-06-06 2023-06-13 2023-06-20 2023-06-27 2023-07-04 2023-07-11 2023-07-18 2023-07-25 2023-07-31

Fig. 4. Water level validation plot.
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0.80, 0.77, 0.69, and 0.67, respectively, indicating that the model has
relatively high reliability in simulating current velocity from the surface
to the middle layers. The PCC value for the fifth layer was 0.30, which
was relatively low, mainly due to the large amount of missing near-
bottom observational data and the limited sample size. Nevertheless,
from an overall perspective, the model can still reasonably characterize
the vertical structure of current velocity at this station, providing reli-
able hydrodynamic support for subsequent studies of water quality and
ecological processes.

Fig. 6 (a)- (e) show the validation results of current direction for
each vertical layer at the water level monitoring stations. For the upper
four layers, the overall trends of the simulated results are generally
consistent with those of the observed values, with PCC values of 0.53,
0.85, 0.55, and 0.31, respectively, indicating a reasonable consistency in
the simulation of current direction changes from the surface to the
middle layers, with the best performance found in Layer 2. In contrast,
the PCC value for the fifth layer reached 0.90, indicating high consis-
tency. However, because of the large amount of missing observed data
and the limited sample size in this layer, the statistical result may have
been affected by data completeness. Overall, the model can reasonably
reflect the variation characteristics of current direction in the vertical
profile at this station, thereby providing a reliable hydrodynamic basis
for subsequent simulations of water quality and ecological processes.

4.1.2. Cross-validation: phytoplankton carbon and chlorophyll-a

We compared the eutrophication model results with remotely sensed
PC and Chl-a data for validation. It should be noted that these two types
of data differ substantially in their spatiotemporal characteristics and
spatial representation, making direct comparison difficult. On the one
hand, remote-sensing retrieval mainly relies on the optical signals from
the ocean surface, therefore the obtained PC and Chl-a concentrations
usually represent only the instantaneous surface values at the imaging
time and cannot reflect the vertical distribution characteristics of the
water body. On the other hand, remote-sensing data are continuous
raster data with a spatial resolution of 1 km, whereas the model outputs
are discrete spatial point data, and thus the two datasets are not
consistent in either spatial resolution or data structure. To ensure
comparability at the same spatial scale, we applied the Kriging inter-
polation method to reconstruct the model outputs into raster surfaces
with the same spatial extent and resolution (1 km) as the remote-sensing
data. Based on this, the monthly mean surface-layer (Layer 1) concen-
trations of PC and Chl-a during the summer and winter periods in the
study area were extracted and compared with the remote-sensing
retrieval results. Similarly, considering the initial adjustment process
under the cold-start condition, we used the data after the model had run
for half a month and reached a relatively stable state for validation. The
cross-validation results for PC and Chl-a concentrations are shown in
Fig. 7(a) and (b), respectively.

The height of the histogram represents the monthly average level of
PC concentration, while the error bars indicate the fluctuation range
between the maximum and minimum values for that month, providing a
clearer visualization of the data variations.

Fig. 7 (a) compares the cross-validation results between the remotely
sensed and simulated PC concentrations. Compared with the monthly
mean values derived from remote sensing, the monthly mean simulated
PC concentrations vary more smoothly, with relatively smaller fluctua-
tions. In terms of seasonal comparison, the remotely sensed PC con-
centrations in summer are generally higher than the simulated results,
with more obvious differences in May and June. In winter, however, the
remotely sensed values decrease significantly, while the simulated re-
sults are relatively higher than the remote-sensing values. Overall, PC
concentration shows a clear seasonal pattern, being higher in summer
and lower in winter. The larger fluctuations in the remote-sensing results
may be related to sensor observation conditions, sea-surface state, and
the optical complexity of coastal waters.

The cross-validation results for Chl-a concentration are shown in
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Fig. 7 (b), and the overall pattern is generally consistent with that of PC.
The model-simulated results change relatively smoothly, whereas the
remotely sensed results show more obvious fluctuations. In summer, the
remotely sensed Chl-a concentrations are generally higher than the
simulated results, with a relatively large error range, indicating strong
spatial heterogeneity and intra-month variability during this period. In
winter, both the simulated and remotely sensed values decrease signif-
icantly, and the difference between them becomes smaller than in
summer. Compared with PC, Chl-a still exhibits relatively large fluctu-
ations in the remote-sensing results during winter, suggesting that it may
be more sensitive to short-term environmental changes and the optical
conditions of coastal waters.

Overall, the comparison results of PC and Chl-a indicate that the
model simulations and the remote-sensing retrievals show good con-
sistency in terms of seasonal variation, with both being higher in sum-
mer and lower in winter. Although some differences remain in the
monthly mean concentration levels and fluctuation ranges, the model
can reasonably reflect the seasonal variation characteristics of
phytoplankton-related indicators in the study area. These differences
may be associated with spatial errors introduced by Kriging interpola-
tion and uncertainties inherent in remote-sensing retrievals, including
sensor performance, interference from clouds and aerosols, sea-surface
fluctuations, and the optical complexity of coastal waters.

4.1.3. Water quality data validation

We used the eutrophication model to calculate the monthly average
concentrations of DO, IN, and IP in the study area, and compared these
values with the monthly averages of the measured data. The measured
water-quality data were mainly obtained from discrete sampling sites
around the study area, and the sampling time scale was monthly. We
also applied the Kriging interpolation method to spatially reconstruct
the model outputs and generate raster surfaces with a spatial resolution
of 1 km. Based on this, the monthly mean concentrations of DO, IN, and
IP in the surface layer (Layer 1) during the summer and winter periods in
the study area were calculated and compared with the monthly mean
values of the measured water-quality data. The validation results for DO,
IN, and IP concentrations are shown in Fig. 8.

As shown in Fig. 8 (a), the simulated DO concentrations are generally
close to the observed values in both summer and winter, with both
remaining within the range of approximately 7-9 mg/L. In comparison,
the observed DO data show a larger error range, indicating certain intra-
month or spatial fluctuations, and the resulting differences may be
related to the spatiotemporal variability of the sampling sites. Overall,
the model can reasonably reflect the monthly mean level of DO con-
centration in the study area.

As shown in Fig. 8 (b), the simulated IN concentrations are generally
close to the observed values in May, July, and October, whereas the
observed value in November is clearly higher than the simulated result.
In terms of variation trends, the simulated results are relatively smooth
overall, while the observed IN concentrations show much larger fluc-
tuations and noticeably wider error bars, indicating strong uncertainty
in the spatial distribution and intra-month variation of the observed IN
concentrations. The model can reasonably reflect the overall level of IN
concentration, but some deviations remain in representing high-value
fluctuations in certain months.

As shown in Fig. 8 (c), the simulated IP concentrations are slightly
higher than the observed values in summer, whereas in winter, the
observed values are higher than the simulated results, with a relatively
obvious difference in November. Similar to IN, IP also shows relatively
large fluctuations. These large fluctuations are mainly due to the strong
spatial heterogeneity and intra-month variability of the observed IP
concentrations in the study area. In contrast, the simulated results vary
more smoothly, indicating that the model can reflect the general
magnitude of IP concentration, although its ability to capture local
fluctuations in the observed data is relatively limited.

Overall, the comparison results of DO, IN, and IP indicate that the
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Fig. 6. Validation of tidal direction.
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Fig. 7. Comparison of phytoplankton carbon and chlorophyll-a simulated values with remote sensing data.

eutrophication model simulations show a certain degree of consistency
with the measured water-quality data in terms of monthly mean con-
centration levels. Among them, the DO simulation agrees relatively well
with the observations, whereas IN and IP still show some deviations in
certain months. These differences may be related to the limited number
of sampling sites, their discrete spatial distribution, low sampling fre-
quency, and spatial errors introduced during the Kriging interpolation
process. In general, the model can reasonably reflect the monthly vari-
ation characteristics of the major water-quality indicators in the study
area.

4.2. Variation of phytoplankton carbon concentration

4.2.1. MODIS remote sensing data

Based on the remote-sensing retrieval results, we analyzed the
spatiotemporal variation characteristics of PC concentrations inside and
outside the offshore wind farm. As shown in Fig. 9 (a)- (f), the PC
concentrations in the study area exhibits clear spatial differences at the
monthly scale. Overall, high-value areas of PC are mainly distributed
within the wind farm and its adjacent waters. In most months, the PC
concentrations inside or near the wind farm are higher than those in the
surrounding offshore waters, indicating that a certain degree of PC
accumulation may occur in the waters around the wind farm.

In terms of seasonal variation, PC concentrations are generally at a
relatively high level in summer, especially in the vicinity of the wind
farm and in the northwestern part of the study area, where obvious high-
value areas are formed. In contrast, PC concentrations decrease overall

in winter, and the extent of the high-value areas is significantly reduced;
however, relatively high concentrations are still maintained within the
wind farm and its adjacent waters. This indicates that PC concentrations
in the study area exhibit clear seasonal variation, with generally higher
values in summer and lower values in winter.

To quantitatively compare the differences in PC concentrations in-
side and outside the wind farm, the time series of PC concentrations in
the inner and outer regions of the wind farm were extracted separately,
as shown in Fig. 9 (g). Although PC concentrations both inside and
outside the wind farm fluctuate to some extent, the PC concentration
inside the wind farm is higher than that in the surrounding waters for
most of the study period. From May to July, the PC concentration inside
the wind farm remains at a relatively high level, and the difference from
the outer region is relatively obvious. From October to December, the
overall PC concentration decreases, and the difference between the in-
side and outside of the wind farm becomes smaller, but the concentra-
tion inside the wind farm still remains relatively higher overall.

This suggests that phytoplankton may accumulate in the waters
surrounding the wind farm. We plotted the PC concentrations inside and
outside the wind farm over time, as shown in Fig. 9g.

From Fig. 9 (g), although there is significant fluctuation in the PC
concentrations inside and outside the wind farm, the concentration in-
side the wind farm remains consistently higher than in the surrounding
areas. Oceanic factors such as tidal movements and currents may
contribute to these fluctuations, but PC concentrations inside the wind
farm consistently remains at higher levels, further supporting the idea of
phytoplankton accumulation in the waters around the wind farm.
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Fig. 8. Comparison between water quality simulation values and observational data.

Overall, the spatial distribution and time-series results in Fig. 9 jointly
indicate that PC concentrations within the wind farm and its adjacent
waters are generally higher than those in the outer region, suggesting
that local PC accumulation may occur around the wind farm. Although
PC concentrations shows some temporal fluctuations, which may be
related to hydrodynamic processes such as tides and currents as well as
seasonal environmental changes, the feature that PC concentrations
inside the wind farm remain consistently higher than those in the outer
region is relatively stable. This suggests that the wind-farm structures
may have a certain influence on the spatial distribution of phyto-
plankton in the surrounding waters.

10

4.2.2. Results of numerical simulation

We analyzed the eutrophication model results after the model had
reached a sufficiently stable state and selected the monthly mean PC
concentrations for June, July, November, and December 2023 after
applying Kriging interpolation. The horizontal distribution of the
simulated eutrophication model results inside and outside the wind farm
in June 2023 is shown in Fig. 10 (a), and the results for July are shown in
Fig. 10 (b). The horizontal distributions for November and December are
shown in Fig. 10 (d) and 10 (e), respectively. The three-dimensional
distribution of PC concentration inside and outside the wind farm is
shown in Fig. 10 (c), and the temporal variation of PC concentration is
shown in Fig. 10 (f). As shown in Fig. 10 (a), the PC concentration inside
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Fig. 9. Changes in phytoplankton carbon concentration inside and outside the wind farm based on MODIS data.

the wind farm is significantly higher than that outside, which is
consistent with the observation from remote-sensing imagery. Fig. 10
(b) likewise shows that the concentration inside the wind farm is higher
than that outside. In Fig. 10 (d) and 10 (e), during winter (November and
December), the wind farm and its adjacent waters still maintain rela-
tively high PC concentrations; however, the overall concentration is
lower than that in summer, and the extent of the high-value areas is
reduced.

From the two-dimensional analysis of both remote sensing and
eutrophication model simulation results, that the PC concentration in-
side the wind farm is significantly higher than in the external regions.
Both the remote-sensing observations and the simulation results indicate
a clear aggregation of PC concentration near the wind farm. Addition-
ally, the simulation further reveals the distribution characteristics of this
aggregation effect over a larger spatial scale.

When examining the variation of PC concentration from a three-
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dimensional perspective, as seen in Fig. 10 (f), we observe that the
concentration decreases with increasing water depth. In terms of sea-
sonal variation, PC concentrations were generally higher in summer
than in winter. In summer, the extent of the high-value PC areas was
larger, and concentrations were higher in the vicinity of the wind farm.
After entering winter, the overall PC concentration decreased, and the
extent of the high-value areas was reduced; however, relatively high
concentrations were still maintained within the wind farm and its
adjacent waters, indicating clear seasonal variation in PC concentration
in the study area. This pattern is generally consistent with the previously
described remote-sensing results and model-validation results, both of
which showed higher values in summer and lower values in winter.
The three-dimensional distribution results are shown in Fig. 10 (c).
The difference in PC concentration between the inside and outside of the
wind farm is not only reflected in the surface layer, but also exhibits
obvious stratification in the vertical direction, with significant
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Fig. 10. Comparison of phytoplankton carbon concentration inside and outside the wind farm.

concentration differences among different water layers. Fig. 10 (f)
further shows the temporal variation of PC concentrations inside and
outside the wind farm at different vertical layers. In summer, PC con-
centrations both inside and outside the wind farm show clear vertical
stratification, generally decreasing with increasing water depth. At the
same time, PC concentrations in all layers inside the wind farm are
generally higher than those outside, with the most obvious difference
occurring in the surface layer, indicating a more significant accumula-
tion of PC inside the wind farm during summer. It is worth noting that, in
winter, the vertical distribution pattern of PC concentration changes to
some extent. During some periods, the surface concentration is lower
than the bottom concentration, showing a vertical distribution pattern
different from that in summer. Meanwhile, the overall PC concentration
in winter is significantly lower than that in summer, further demon-
strating the clear seasonal variability of PC concentration in the study
area.

The results in Fig. 10 indicate that the PC concentrations simulated
by the eutrophication model exhibit obvious spatial differences in both
the horizontal and vertical directions. Horizontally, PC concentrations
within the wind farm and its adjacent waters are generally higher than
those in the outer region, which is broadly consistent with the spatial
distribution characteristics revealed by the remote-sensing observations.
Vertically, PC concentrations are mainly concentrated in the upper
water layers in summer and gradually decrease with increasing depth,
whereas the vertical distribution pattern changes somewhat in winter.
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The difference in PC concentration between the inside and outside of the
wind farm is more pronounced in summer and weakens in winter, but
the inside of the wind farm still generally maintains relatively higher PC
concentrations. These results suggest that a certain degree of PC accu-
mulation may occur in the waters surrounding the wind farm and that
this accumulation shows clear seasonal and vertical differences.

4.3. Changes in water quality

4.3.1. Changes in chlorophyll-a concentration

(1) Chlorophyll-a concentration shifts via remote sensing

Fig. 11 (a)- (f) show the monthly mean Chl-a concentrations for May,
June, July, October, November, and December 2023, respectively. As
shown in the figure, in May, June, July, November, and December, it can
be observed that the concentration within the wind farm is higher than
that outside the wind farm, although there are some pixels farther from
the wind farm with relatively higher concentrations. In terms of seasonal
variation, Chl-a concentrations were generally at a relatively high level
in summer, especially in the vicinity of the wind farm and in the
northwestern part of the study area, where obvious high-value areas
were formed. In contrast, Chl-a concentrations decreased overall in
winter, and the extent of the high-value areas was significantly reduced,
with the concentration distribution in the study area becoming more
uniform. This indicates that Chl-a concentration also shows clear sea-
sonal variability, with generally higher values in summer and lower
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Fig. 11. Remote sensing observation of chlorophyll-a concentration differences inside the wind farm.

values in winter, a seasonal pattern that is broadly similar to that of PC.
To further analyze this, we plotted a time series of Chl-a concentration
both inside and outside the wind farm, as shown in Fig. 11 (g). As shown
in the figure, during the period from May to July, Chl-a concentrations
both inside and outside the wind farm exhibited obvious fluctuations;
however, the Chl-a concentration inside the wind farm remained higher
than that in the surrounding waters for most of the time, and the dif-
ference between the two was relatively clear. After October, the overall
Chl-a concentration decreased significantly, and the difference between
the inside and outside of the wind farm became smaller. During some
periods, the concentrations in the two regions were relatively close, but
the concentration inside the wind farm still remained relatively higher
overall.

(2) Chlorophyll-a concentration shifts via numerical simulations

We selected the results of the eutrophication model after it reached
full stability for our study. Fig. 12 (a), 11 (b), 11 (d), and 11 (e) present
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the monthly mean Chl-a concentrations for June, July, November, and
December 2023, respectively, after applying Kriging interpolation to the
results. The three-dimensional distribution of Chl-a concentration inside
and outside the wind farm is shown in Fig. 11 (c), and the time variation
of Chl-a concentration at different depths is shown in Fig. 12 (f).

In terms of seasonal variation, Chl-a concentrations were generally
higher in summer than in winter. In June and July, the extent of the
high-value Chl-a areas was relatively large, and concentrations were
higher in the vicinity of the wind farm. After entering November and
December, the overall Chl-a concentration decreased, and the extent of
the high-value areas was reduced; however, relatively high concentra-
tion levels were still maintained within the wind farm and its adjacent
waters. This is generally consistent with the seasonal pattern of “higher
in summer and lower in winter” revealed by the remote-sensing and
model-validation results.

The three-dimensional distribution results are shown in Fig. 12 (c).
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Fig. 12. Comparison of chlorophyll-a concentration inside and outside the wind farm.

Chl-a concentration exhibits clear vertical stratification, and the con-
centration differences among different water layers inside and outside
the wind farm are relatively significant. Fig. 12 (f) further shows the
temporal variation of Chl-a concentrations inside and outside the wind
farm in different vertical layers. In summer, Chl-a concentrations both
inside and outside the wind farm show obvious vertical stratification,
generally decreasing with increasing water depth. At the same time, Chl-
a concentrations in all layers inside the wind farm are generally higher
than those outside, with the most obvious difference occurring in the
surface layer, indicating a more pronounced accumulation of phyto-
plankton biomass inside the wind farm during summer. After entering
winter, Chl-a concentration decreases rapidly at the beginning and then
remains at a relatively low level overall, while the difference between
the inside and outside of the wind farm becomes smaller than in
summer.

The results in Fig. 12 indicate that the Chl-a concentrations simu-
lated by the eutrophication model exhibit certain spatial differences in
both the horizontal and vertical directions. Horizontally, Chl-a con-
centrations within the wind farm and its adjacent waters are generally
higher than those in the surrounding region, which is broadly consistent
with the spatial distribution characteristics revealed by the remote-
sensing observations. Vertically, Chl-a concentrations are mainly
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concentrated in the upper water layers in summer and gradually
decrease with increasing depth, whereas the vertical distribution pattern
changes somewhat in winter. These results suggest that a certain degree
of phytoplankton biomass accumulation may occur in the waters sur-
rounding the wind farm and that this accumulation shows clear seasonal
and vertical differences.

4.3.2. Changes in dissolved oxygen

Similarly, the numerical simulation results of DO from the eutro-
phication model for summer and winter 2023 were analyzed. Fig. 13 (a),
12 (b), 12 (d), and 12 (e) present the monthly mean DO concentrations
for June, July, November, and December 2023, respectively, after
applying Kriging interpolation to the results. The three-dimensional
concentration distribution inside and outside the wind farm is depic-
ted in Fig. 13 (c), and the concentration variation with depth over time is
shown in Fig. 13 (f).

In terms of seasonal variation, DO concentrations were generally
slightly higher in winter than in summer. In June and July, the DO
concentrations in the study area were relatively low, whereas after
entering November and December, the overall DO concentrations
increased. This variation pattern differs somewhat from that of PC and
Chl-a, with DO showing relatively lower values in summer and higher



X. Guo et al.

~

DO (mg/L)

Journal of Hydrology 677 (2026) 135850

side the wind farm

Y
DO(mg/L)

n
n

123.6 45

1235
123.4
1233 4

Longitude

Latitude 1232

—Inside - = Outside Layer 1
—Inside - - Outside Layer 2
——1Inside - - Outside Layer 3
——Inside - - Outside Layer 4
1 | 1 | | —llnsidei = -Olutside lLayel; 5

05-16 05-23 05-31 06-07 06-15 06-22 06-30 07-07 07-15 07-22 07-28 10-16 10-23
Date

10-31 11-07  11-15 11-22  11-30 12-07 12-15 12-22 1231

Fig. 13. Comparison of dissolved oxygen concentration inside and outside the wind farm.

values in winter.

The three-dimensional distribution results are shown in Fig. 13 (c).
DO concentration exhibits clear vertical stratification, with generally
higher values in the surface layer and a gradual decrease with increasing
water depth. Fig. 13 (f) further shows the temporal variation of DO
concentrations inside and outside the wind farm at different vertical
layers. In summer, the surface-layer DO concentration is relatively high,
and the surface DO concentration inside the wind farm is generally
higher than that outside. As water depth increases, DO concentration
decreases significantly. After entering winter, DO concentrations in all
layers increase overall and remain relatively stable, while the difference
between the inside and outside of the wind farm becomes smaller than in
summer, although clear differences among vertical layers still exist.

The results in Fig. 13 indicate that the difference in DO concentration
between the inside and outside of the wind farm is relatively weak at the
horizontal scale, but certain differences are still observed at the local
horizontal and vertical scales. Overall, DO concentration decreases with
increasing water depth, and is higher in winter than in summer, indi-
cating that its distribution is jointly influenced by seasonal variation and
the vertical structure of the water column.

4.3.3. Changes in inorganic nitrogen and inorganic phosphorus
IN and IP are nutrients in water quality that play a vital role in
promoting the proliferation of phytoplankton. Nutrients can lead to
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eutrophication, causing excessive phytoplankton growth. We analyzed
the IN results from the eutrophication model's numerical simulations for
summer and winter 2023. Fig. 14 (a), 13 (b), 13 (d), and 13 (e) present
the monthly mean IN concentrations for June, July, November, and
December 2023, respectively, after applying Kriging interpolation. The
three-dimensional distribution of IN concentration inside and outside
the wind farm is shown in Fig. 14 (c), and the temporal variation of
concentration with depth is shown in Fig. 14 (f). The three-dimensional
concentration distribution inside and outside the wind farm is shown in
Fig. 14 (c), and the variation in concentration with depth over time is
presented in Fig. 14 (f).

In terms of seasonal variation, IN concentrations were generally
higher in summer than in winter, indicating a certain degree of seasonal
difference. In summer, relatively high IN concentrations were main-
tained in the vicinity of the wind farm and in the western part of the
study area. After entering winter, the overall IN concentration
decreased, and the extent of the high-value areas was reduced; however,
the waters adjacent to the wind farm still maintained relatively high
levels.

As shown in Fig. 14 (c), IN concentration exhibits a vertical distri-
bution pattern different from those of PC, Chl-a, and DO. Overall, the
highest IN concentration does not occur in the surface layer; instead, it
gradually increases with water depth, and the IN concentration in
deeper water is clearly higher than that in surface water. This indicates
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Fig. 14. Changes in inorganic nitrogen inside and outside the wind farm.

that IN has a strong vertical stratification, which may be related to
phytoplankton uptake and consumption in the surface layer, nutrient
accumulation in deeper water, and vertical exchange processes.

Fig. 14 (f) further shows the temporal variation of IN concentrations
inside and outside the wind farm at different vertical layers. During the
period from May to July, IN concentrations in all layers fluctuate to
some extent, with the highest concentrations occurring in the deep
layers and the lowest in the surface layer. The IN concentrations in all
layers inside the wind farm are generally higher than those outside, with
the differences being more obvious in the middle and lower layers. After
entering October to December, the overall IN concentration decreases
and the temporal variation becomes smaller, but the concentrations
inside the wind farm remain generally higher than those in the sur-
rounding waters.

Overall, IN concentrations around the wind farm show clear differ-
ences in both the horizontal and vertical directions. Horizontally, IN
concentrations within the wind farm and its adjacent waters are rela-
tively high. Vertically, IN concentration increases with water depth,
with deeper water layers forming the main high-value zone. Unlike PC
and Chl-a, which are mainly concentrated in the surface layer, IN shows
a more obvious accumulation in deeper water, indicating that nutrient
distribution around the wind farm may be jointly influenced by bio-
logical uptake, vertical mixing, and local hydrodynamic processes.

Similarly, we analyzed the IP results from the eutrophication model's
numerical simulations for summer and winter 2023. Fig. 15 (a), 14 (b),
14 (d), and 14 (e) present the monthly mean IP concentrations for June,
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July, November, and December 2023, respectively, after applying
Kriging interpolation. The three-dimensional concentration distribution
inside and outside the wind farm is shown in Fig. 15 (c), and the vari-
ation in concentration with depth over time is presented in Fig. 15 (f).

In terms of seasonal variation, IP concentrations were generally
higher in summer than in November and December. During summer, IP
concentrations in the study area were relatively high, and the extent of
the high-value areas was relatively large. After entering winter, the
overall IP concentration decreased, and the extent of the high-value
areas was reduced; however, the waters adjacent to the wind farm still
maintained relatively high levels.

From the three-dimensional distribution results, IP concentration
exhibits a clear vertical stratification. Unlike PC and Chl-a, which are
mainly concentrated in surface layer, IP concentration generally in-
creases with water depth, and the concentration in deeper water is
significantly higher than that in the surface water. This suggests that
surface IP may be maintained at a relatively low level due to phyto-
plankton uptake, whereas the middle and lower water layers show a
more obvious pattern of nutrient accumulation.

The time-series results further indicate significant differences in IP
concentration among different water layers. In summer, the highest IP
concentrations occur in the deep-water layers, while the lowest occur in
the surface layer, and the concentrations in most layers inside the wind
farm are higher than those outside. After entering winter, IP concen-
trations in all layers decrease overall, and the magnitude of temporal
variation becomes smaller, but the concentrations inside the wind farm



X. Guo et al.

Journal of Hydrology 677 (2026) 135850

side the wind farm
0.025

0.01

123.6

123.5 0.005
1234

1233

Latitude 123.2

Longitude

—Inside - -Outside Layer 1
—Inside - - Outside Layer 2
—Inside - - Outside Layer 3
—Inside - -Outside Layer 4
—Inside - -Outside Layer 5

0.005

05-16 05-23 05-31 06-07 06-15 06-22 06-30 07-07 07-15 07-22 07-28 10-16 10-23

10-31 11-07 11-15 1122 11-30 12-07 12-15 12-22 12-31

Date

Fig. 15. Comparison of inorganic phosphorus inside and outside the wind farm.

remain generally higher than those in the surrounding waters.

These results indicate that IP concentrations around the wind farm
show certain differences in both the horizontal and vertical directions.
Horizontally, IP concentrations within the wind farm and its adjacent
waters are relatively high. Vertically, IP concentration increases with
water depth, with deeper water layers forming the main high-value
zone. This distribution pattern is similar to that of IN, indicating that
nutrient distribution around the wind farm is influenced not only by
horizontal transport but also by closely related to vertical mixing, bio-
logical uptake, and nutrient accumulation in the middle and lower water
layers.

4.4. Phytoplankton carbon and water-quality differences inside and
outside the wind farm

We integrated the monthly mean values of PC and the major water-
quality indicators across different vertical layers inside and outside the
wind farm, and comparatively analyzed their concentration structures
and relative differences in different months and water layers, as shown
in the figure. In the figure, each month contains two stacked bars, rep-
resenting the outside and inside regions of the wind farm, respectively.
Different colors indicate different water layers. The percentages above
the bars represent the relative rate of change inside the wind farm
compared with the outside region. Positive values indicate that the
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concentration inside the wind farm is higher than that outside, whereas
negative values indicate that the concentration inside the wind farm is
lower than that outside.

As shown in Fig. 6 (a), PC concentrations inside the wind farm are
generally significantly higher than those outside. In summer, the sea-
sonal mean PC concentration inside the wind farm was approximately
2.5 times that outside, indicating a clear accumulation of PC within the
wind farm during this season. In winter, the difference between the in-
side and outside decreases, but PC concentrations inside the wind farm
remain higher, with the seasonal mean concentration being approxi-
mately 1.5 times that outside. Compared with summer, the increase in
PC concentration in winter is clearly smaller, suggesting that the accu-
mulation effect of PC inside the wind farm is more pronounced in
summer. It is worth noting that PC concentrations in some water layers
are relatively high in winter, which may be related to enhanced vertical
mixing, particle settling and accumulation, and the relative enrichment
of PC in bottom waters.

As shown in Fig. 16 (b), the variation pattern of Chl-a is generally
similar to that of PC. In summer, Chl-a concentrations inside the wind
farm are significantly higher than those outside, with the seasonal mean
concentration inside the wind farm being approximately 2.3 times that
outside, indicating higher phytoplankton biomass inside the wind farm
during summer. In winter, the difference between the inside and outside
generally decreases. In October, the Chl-a concentration inside the wind
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Fig. 16. Stacked comparison of phytoplankton carbon and water quality inside and outside the wind farm.

farm is slightly lower than that outside, with a relative change rate of
-8.0%; in November and December, Chl-a concentrations inside the
wind farm become higher again, with relative increases of 47.2% and
52.6%, respectively. Overall, the seasonal mean Chl-a concentration
inside the wind farm remained higher than that outside in winter, being
approximately 1.1 times that outside. This indicates that the difference
in Chl-a between the inside and outside of the wind farm shows certain
seasonal fluctuations, and its winter variation is more complex than that
of PC. The lower concentration inside the wind farm in October may be
related to model-result fluctuations and spatial errors introduced during
the Kriging interpolation process.

As shown in Fig. 16 (c), the difference in DO concentration between
the inside and outside of the wind farm is relatively weak. In May, the
DO concentration inside the wind farm is higher than that outside, with
a relative increase of approximately 14.3%. In June and July, the DO
concentration inside the wind farm is slightly lower than that outside,
with relative change rates of —2.3% and —4.4%, respectively. After
entering winter, the difference in DO concentration between the inside
and outside further decreases, showing only slight increases of about
0.9%-1.5%. Overall, the seasonal mean DO concentration inside the
wind farm was approximately 2.93% higher than that outside in summer
and 1.12% higher in winter. Compared with PC and Chl-a, the difference
in DO concentration between the inside and outside of the wind farm is
not significant, and the overall variation is relatively stable.

As shown in Fig. 16 (d), IN concentrations inside the wind farm are
generally higher than those outside. In summer, the seasonal mean IN
concentration inside the wind farm was approximately 45.72% higher
than that outside; in winter, it was approximately 39.04% higher. This
indicates that IN inside the wind farm shows a certain degree of
enrichment in both summer and winter, and that the difference between
the inside and outside is relatively stable.

As shown in Fig. 16 (e), IP concentrations also remain higher inside
the wind farm than outside. In summer, the seasonal mean IP concen-
tration inside the wind farm was approximately 41.00% higher than that
outside; in winter, it was approximately 49.59% higher. Similar to IN, IP
shows a relatively stable enrichment pattern inside the wind farm,
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indicating that nutrient concentrations inside the wind farm are gener-
ally higher than those outside.

Overall, the results shown in the figure indicate clear differences in
the multilayer concentration structures of water-quality indicators be-
tween the inside and outside of the wind farm. Among them, the dif-
ferences in PC and Chl-a are the most pronounced, especially during the
summer period from May to July, when the increases inside the wind
farm relative to the outside region are particularly large, indicating a
clear accumulation of phytoplankton-related indicators within the wind
farm. IN and IP also show relatively stable enrichment inside the wind
farm, suggesting that the wind-farm structures may have a certain in-
fluence on the spatial distribution of nutrients in the surrounding wa-
ters. In contrast, the difference in DO concentration between the inside
and outside of the wind farm is relatively small, and its overall variation
is comparatively stable. Taken together, offshore wind farm have a more
pronounced influence on PC, Chl-a, and nutrient concentrations, among
which PC and Chl-a show the largest variations, and these effects are
more evident in summer.

5. Discussion
5.1. Combining remote sensing and numerical simulations benefits

The combination of remote sensing and numerical simulations has
demonstrated unique advantages in environmental monitoring and
ecological research. Firstly, numerical simulations (He et al., 2024)
typically rely on extensive field data, which often need to be obtained
through ground observations and experiments. The data collection
process is time-consuming and costly (Luo et al., 2021). In contrast,
remote sensing technology, through satellite and airborne platforms
(McCarthy et al., 2025), can efficiently and rapidly collect environ-
mental data over large areas, significantly reducing the need for data
collection. Remote sensing enables real-time monitoring of environ-
mental changes over vast regions, making it particularly suitable for
large-scale assessments and providing strong data support for numerical
simulations.
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Secondly, remote sensing data offer broad spatial coverage (Kaplan
et al., 2024), but tend to provide weaker descriptions at the detailed
level. In contrast, numerical simulations allow for high-precision anal-
ysis and predictions within localized areas, offering more detailed de-
scriptions. Through numerical simulations, it is possible to gain a deeper
understanding of dynamic changes within wind farms or other specific
regions, revealing micro-scale processes that remote sensing data may
not capture.

The combination of remote sensing and numerical simulations not
only enhances research efficiency and data accuracy but also provides a
multi-scale analytical framework for environmental impact assessments
of offshore wind farms. Through the synergistic use of remote sensing
and numerical simulations, a more comprehensive and precise under-
standing of the impacts of offshore wind farms on water bodies can be
achieved, promoting the continued development of the offshore wind
energy industry.

5.2. Analysis of the causes of differences inside and outside the wind farm

(Lindeboom et al., 2011) have also shown that water flow direction
and velocity affect PC concentration and water quality (Wang et al.,
2024). To further identify the potential hydrodynamic mechanisms
driving the differences between the inside and outside of the wind farm,
this study used the U and V velocity components derived from the hy-
drodynamic model to calculate the mean vector flow fields for summer
(Fig. 17 (¢)) and winter (Fig. 17 (d)), respectively. These were then
overlaid with the spatial distribution of PC concentration for compara-
tive analysis, as shown in Fig. 17.

The results show that the overall water flow in the study area
exhibited a transport pattern toward the west or northwest in both
summer and winter. By comparison, the flow direction was more
consistent in summer, whereas the overall flow pattern was less coherent
in winter. This difference may be one of the reasons why larger differ-
ences in PC and Chl-a concentrations were observed between the inside
and outside of the wind farm during summer.
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123°16'30"E
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The specific effects are shown in Fig. 17 (a) and 17 (b). In the outer
region of the wind farm, the flow direction is generally continuous,
whereas within the wind farm and around the turbines, local deflections
of the flow direction occur. The turbine structures and array layout may
weaken water exchange between the interior of the wind farm and the
surrounding waters, thereby forming relatively low-velocity wake zones
downstream of the turbines. This process is conducive to the retention
and accumulation of phytoplankton and nutrients in areas with weaker
hydrodynamic disturbance, which in turn promotes an increase in PC
concentration within the wind farm (Austin et al., 2025; Gunn and
Stock-Williams, 2013; Rennau et al., 2012).

5.3. Phytoplankton carbon-water quality relationship

To further explore the potential factors contributing to the increase
in PC concentration within the offshore wind farm, we conducted a
correlation analysis based on the differences in water-quality indicators
between the inside and outside of the wind farm (Fig. 18). Considering
that turbine foundations and array structures may alter local hydrody-
namic conditions, weaken water exchange, and promote the retention
and accumulation of phytoplankton and nutrients, the differences in PC,
Chl-a, DO, IN, and IP between the inside and outside of the wind farm
were calculated, where positive values indicate higher concentrations
inside the wind farm and negative values indicate the opposite.

The correlation results show that the difference in PC is very strongly
positively correlated with the difference in Chl-a (r = 0.99), indicating
that the increase in PC inside the wind farm is closely related to an in-
crease in phytoplankton biomass. The difference in PC is also signifi-
cantly positively correlated with the difference in DO (r = 0.93),
suggesting that the increase in PC may be accompanied by enhanced
photosynthesis and elevated DO levels. In terms of nutrients, the dif-
ference in PC shows a moderate positive correlation with the difference
in IN (r = 0.52), indicating that IN enrichment may provide nutritional
support for phytoplankton growth, whereas the correlation between the
differences in PC and IP is very weak (r ~ 0), suggesting that IP is not a
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Fig. 17. Water flow direction and phytoplankton carbon concentration on June 1, 2023.
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major direct factor explaining the inside-outside difference in PC. In
addition, the difference in IN is significantly positively correlated with
the difference in IP, indicating synchronous nutrient variation inside the
wind farm; however, their influence on PC may be jointly regulated by
nutrient limitation, differential uptake, or hydrodynamic retention.

Overall, the increase in PC inside the wind farm is most closely
related to the inside-outside differences in Chl-a and DO, indicating that
increased phytoplankton biomass and enhanced photosynthesis are
important manifestations of the PC increase. The positive correlation
with IN further supports the role of nutrient enrichment. Combined with
the flow-field analysis, the offshore wind-farm structures may promote
the accumulation of PC, Chl-a, and related water-quality indicators in-
side the wind farm by altering local hydrodynamic conditions, reducing
water exchange intensity, and enhancing material retention. It should be
noted that correlation analysis only reveals statistical relationships and
cannot by itself prove causality, but it provides important evidence for
explaining the potential mechanisms underlying the elevated PC con-
centration inside the wind farm.

Research by (Hunter and Laws, 2003) demonstrated a significant
positive correlation between Chl-a and PC concentrations. As Chl-a
concentration increases, PC accumulation typically shows an upward
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trend, reflecting enhanced photosynthetic activity and increased
phytoplankton biomass. (Behrenfeld and Falkowski, 2003) explained
that during photosynthesis, phytoplankton absorb carbon dioxide from
the water and convert it into organic matter, with oxygen being released
as a byproduct. The higher the PC concentration, the stronger the
photosynthetic activity, leading to an increase in DO concentration. This
explains the significant correlation between PC concentration and DO.
Studies by (Coolen et al., 2022) and (Liu, Jiang, et al., 2024) have shown
that changes in nutrients such as IN and IP can indeed affect phyto-
plankton community dynamics. However, according to the comparison
results in Fig. 18, nutrient variation may play a certain promoting role in
the increase in PC concentration within the wind farm, but it is not the
primary cause of the differences between the inside and outside of the
wind farm. In contrast, the offshore wind-farm structures are more likely
to alter local hydrodynamic conditions, reduce water exchange in-
tensity, and potentially generate an artificial reef effect (Chong et al.,
2023), thereby enhancing material retention and local accumulation,
which may ultimately lead to overall higher PC and related water-
quality indicators inside the wind farm than in the surrounding outer
region.



X. Guo et al.
5.4. Implications for adaptation and mitigation

Our results indicate that the impacts of offshore wind farms on PC
and water-quality indicators show clear spatiotemporal heterogeneity,
and their responses vary with season, water-column structure, and local
hydrodynamic conditions. In particular, the differences in PC and Chl-a
between the inside and outside of the wind farm are more pronounced in
summer, which may be related to stronger biological activity in this
season and to the greater tendency for turbine-array-induced distur-
bances of the local flow field to be translated into material retention and
accumulation. Therefore, in the siting and ecological-environmental
management of offshore wind farms (Zhao et al., 2022), in addition to
considering their benefits for renewable-energy development, it is also
necessary to incorporate ecological impacts into adaptation- and
mitigation-related management frameworks (Galparsoro et al., 2022).
Specifically, during the planning stage, ecologically sensitive marine
areas may be prioritized for avoidance, and siting optimization can be
carried out by considering local hydrodynamic conditions and seasonal
ecological characteristics. (Rezaei et al., 2023) During the operational
stage, long-term ecological monitoring in key seasons both inside and
outside the wind farm may be strengthened, with particular attention to
the coupled variations of PC, Chl-a, nutrients, and hydrodynamic in-
dicators. At the management level, zoned monitoring and dynamic
assessment mechanisms based on multiple temporal and spatial scales
may be established, and surrounding fishing-use areas and coastal
communities may be incorporated into risk identification and adaptive
management to improve the relevance and regional applicability of
management measures.

5.5. Uncertainty and perspectives

This study mainly focused on the effects of offshore wind farms on
regional-scale hydrodynamic processes and water quality, rather than
resolving hydrodynamic processes around individual wind turbines.
Therefore, this study treated offshore wind turbines as impermeable
solid boundaries that did not participate in water exchange and equiv-
alently treated them as no-flow boundaries in the model. Although this
simplification could generally evaluate the effects of offshore wind
turbines on water exchange and material transport, we did not consider
the high-frequency turbulence, wake vortices, and local vertical mixing
processes around individual wind turbines (Austin et al., 2025; Caze-
nave et al., 2016; Hendriks et al., 2025; Hosseini et al., 2025). Therefore,
if the purpose of researchers is to evaluate the effects of individual wind
turbines on hydrodynamic processes and water quality, the above pro-
cesses need to be considered, and more refined numerical models should
be used for simulation.

In addition, the wind turbines in our study area were impermeable
monopile structures, and the simulation process in this paper was not
applicable to permeable multi-pile structures or floating offshore wind
turbines. More complex interactions exist between the mooring systems
of multi-pile structures and floating wind turbines and the surrounding
water bodies, and wind turbines should not be simply simplified as no-
flow boundaries. Instead, simulations should be conducted by consid-
ering the specific wind turbine types, structural characteristics of wind
turbines, and local hydrodynamic conditions (Wang, Cai, et al., 2023;
Zeng et al., 2024).

In addition, in this study, we used MODIS-based PC and Chl-a data.
Previous studies have demonstrated the reliability and applicability of
these products (Bailey and Werdell, 2006; Behrenfeld et al., 2005; Graff
et al., 2015), and these data had good spatial-scale matching with the
numerical simulation results in this study. However, a single remote-
sensing data source may still lead to errors being propagated from im-
agery to the numerical simulation process (Tilstone et al., 2021). In
future studies, multi-source satellite remote-sensing products can be
considered as inputs for numerical models, and the robustness of nu-
merical simulation under different remote-sensing data sources can be
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compared to improve the reliability of assessing the effects of offshore
wind farms on PC and water quality.

6. Conclusion

In this study, we fully leverage the advantages of remote sensing
technology in data collection, enabling the rapid and efficient acquisi-
tion of large-scale PC concentration and Chl-a concentration data. These
remote sensing data are used to establish the initial values and boundary
conditions in the numerical simulation models, ensuring the accuracy of
the simulation's driving forces and boundary conditions. Additionally,
the remote sensing data play a role in cross-validation of the numerical
simulation results. By comparing the differences between simulated and
remote sensing observations, the reliability and predictive capability of
the numerical simulation are further verified. This integration allows for
a more accurate assessment of the impact of wind farms on PC con-
centration and water quality.

Both the remote-sensing retrievals and the model simulations indi-
cate that PC and Chl-a concentrations within the wind farm and its
adjacent waters are generally higher than those in the surrounding outer
region, suggesting that a certain degree of phytoplankton accumulation
may occur around the wind farm. This feature shows clear seasonality,
with the most pronounced effect occurring in summer. From May to
July, the PC and Chl-a concentrations inside the wind farm are signifi-
cantly higher than those outside. In winter, both concentrations
decrease overall, and the difference between the inside and outside of
the wind farm becomes smaller, although the concentrations inside the
wind farm remain relatively higher. The three-dimensional simulation
results further indicate that this difference is not only reflected in the
surface water but also shows certain variations in the vertical distribu-
tion. In contrast, the horizontal difference in DO between the inside and
outside of the wind farm is relatively weak, whereas IN and IP show a
certain degree of accumulation inside the wind farm, suggesting that the
wind farm may have a certain influence on the spatial distribution of
nutrients.

We further used correlation analysis and hydrodynamic results to
reveal the potential mechanisms underlying the differences between the
inside and outside of the wind farm. The difference in PC is most closely
related to the differences in Chl-a and DO, indicating that the increase in
PC inside the wind farm is associated with increased phytoplankton
biomass and enhanced photosynthesis. The positive correlation between
PC and IN suggests that IN enrichment may provide certain nutritional
support for phytoplankton growth. Meanwhile, the hydrodynamic
analysis shows that turbine foundations and array structures can disturb
the local flow field, causing deflection of the flow direction inside the
wind farm and around the turbines, and may weaken water exchange
between the interior of the wind farm and the surrounding waters. Such
local low-velocity zones and wake zones are conducive to the retention
and accumulation of phytoplankton and some nutrients, thereby further
promoting the increase of PC, Chl-a, and nutrient concentrations inside
the wind farm.

There are also some limitations in our study. Due to the constraints of
the numerical simulation duration (Zheng et al., 2024), we only simu-
lated the changes in PC concentration during the peak growth season of
surface algae. Although this approach is commonly adopted (Huggett
et al., 2021), investigating the seasonal variations in PC concentration
and water quality would be meaningful. Additionally, we aim to extend
our research beyond the five parameters—PC, Chl-a, DO, IN, and
IP—and will conduct further studies on other impacts of offshore wind
farms.
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