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ARTICLE INFO ABSTRACT

Keywords: The transition to renewable energy sources, such as offshore wind farms, is essential in mitigating
Offshore wind farm climate change. Taiwan has set ambitious targets to harness wind energy from the Taiwan Strait,
ENSO

but offshore wind farm installations are highly dependent on weather conditions, particularly
wind speeds. This study examines the relationship between the El Nino-Southern Oscillation
(ENSO) and offshore wind farm installation by assessing weather windows—periods with wind
speeds below 12 m per second at a height of 100 m for at least 12 h. Our analysis shows that
during La Nina years, the number of feasible weather windows decreases by up to 40 %,
particularly between October and June, compared to neutral and El Nino years. This decrease can
be as high as fourfold in December, significantly impacting installation schedules. Seasonal
variations are also notable, with wind speeds exceeding 12 m s~ in winter 66.4 % of the time,
compared to 29.4 % in spring, making spring and summer the most favorable periods for
installation. However, even during these favorable seasons, La Nina years can bring higher wind
speeds, necessitating careful planning. These results underscore the importance of integrating
ENSO forecasts into project planning to avoid installation delays and optimize installation
timelines. By leveraging seasonal and interannual climate variability predictions, decision-makers
can improve the resilience of offshore wind farm projects and ensure efficient energy transition
strategies.

Taiwan Strait

1. Introduction

In pursuit the target of the 2050 net-zero emission of green-house gases in Paris Agreement, the Taiwanese government is grappling
with the formidable task of transitioning its energy landscape. One of its official strategies involves the development of offshore wind
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farms to harness renewable energy sources. The short-term objective is to generate 5.6 GW of energy by 2025, with a subsequent
increase of 1.5 GW by 2030. In the long term, the ambitious goal is to reach a total capacity of 40~55 GW by 2050 (https://www.ndc.
gov.tw). The Taiwan Strait offers an advantageous geographical location with consistently strong mean wind speeds, making it an ideal
setting for offshore wind farm development [1]. However, this advantage of heightened wind speeds also suggests a significant
challenge to the progress of offshore wind farm projects. Excessive surface wind intensification can lead to project halts due to safety
concerns. For operation purpose, the "weather window’ refers to conditions suitable for construction within a favorable wind envi-
ronment. While the limited weather windows for operation, the huge mobilization cost of installation vessels, harsh environmental
damage to equipment [2]. If inappropriate weather window conditions persist over the course of a year, it could result in construction
delays, jeopardizing the achievement of both the short-term 2030 goal and the long-term 2050 objective.

Generally, offshore wind energy is closely associated with climate change [3] and climate variability [4]. Investigating the impact
of wind intensity on offshore wind sites has been a focal area of research globally, with studies conducted in regions such as the
Mediterranean Sea [5], Iranian islands [6], the Colombian Caribbean [4], and other areas [7,8]. In the Taiwan Strait, few studies have
explored the impact of large-scale environmental factors on wind speed and wind energy production assessments. For instance Ref. [1],
conducted a comprehensive review of the environmental conditions surrounding the first offshore wind farm case in the Taiwan Strait.
Their findings revealed distinct seasonal patterns, with winter exhibiting the highest wind speeds and summer the lowest, consistent
with the mean state wind circulation over Taiwan. Besides, the presence of a strong diurnal cycle, driven by land-sea breeze phe-
nomena, resulted in a bimodal probability distribution. Tropical cyclones also play a significant role in contributing to extreme wind
energy conditions in the region [9]. Furthermore, the impact of climate warming on wind energy density distributions has been
evaluated, indicating a potential increase in the future, albeit with a slight 3 % reduction compared to past climate periods [10]. While
most studies have focused on wind energy production, there remains a significant gap in the assessment of installation and mainte-
nance aspects. In a limited literature review, it was observed that the annual number of feasible weather windows decreased as the
window length increased, particularly in the Hsinchu compared to the Changhua surrounding sea region. Notably, November emerged
as a more accessible month than adjacent winter months, primarily due to its correlation with lower wave heights. Paterson [11]
highlighted the uncertainties associated with offshore installation, emphasizing that these uncertainties can lead to extended con-
struction schedules and increased capital expenditure for projects. Given the critical importance of maritime meteorological risk as-
sessments in the offshore wind industry, there is a notable lack of predictability in weather windows for installation at various time
scales, from seasonal to decadal. To address this gap, it is imperative to explore the feasibility of wind speed assessments with reliable
and accurate predictive information, which can provide valuable insights for decision-makers in the offshore wind sector.

In order to achieve this objective, several crucial steps must be taken. First and foremost, it is imperative to establish a robust link
with environmental controls as predictive indicators, such as the El Nino-Southern Oscillation (ENSO). ENSO is a dominant and widely
recognized climate variability phenomenon with significant implications for seasonal predictions [12]. ENSO patterns exhibit irregular
but periodic oscillations, occurring approximately every two to seven years. These oscillations lead to predictable shifts in ocean
surface temperatures and trigger a cascade of global climate effects. As a result, ENSO is often referred to as the heart of climate
prediction worldwide [13]. It is particularly noteworthy for its influence on extreme weather events such as heavy rainfall and
heatwaves. Given the critical role of ENSO in climate dynamics, studies on its impact on Taiwan have been extensive. Most of these
investigations have focused on mainland Taiwan, emphasizing variations in rainfall [14-16] and temperature [17]. However, there
has been relatively limited research dedicated to the Taiwan Strait region. Earlier work by Kuo and Ho [18] utilized satellite data to
observe differences in sea surface wind patterns, identifying weaker winds during the 1997,/1998 El Nino event and stronger winds
during the 1998/1999 La Nina event. Subsequently, Ou, Zhai and Li [19] conducted a study that highlighted the impact of ENSO on
wind patterns during the northeasterly monsoon seasons. The findings revealed that El Nino (La Nina) years led to weakened
(strengthened) winds induced by lower-tropospheric anomalous anticyclones (cyclones) over the western Pacific Ocean and the South
China Sea. However, a comprehensive, long-term statistical analysis of the relationship between ENSO and wind speed over the
Taiwan Strait has been notably absent from previous research endeavors. This gap in knowledge has hindered the conversion of
valuable insights into actionable information for stakeholders in the installation and operation of wind energy systems in the region.

The principal aim of this study is to establish a link between one of the most significant climate variability phenomena, ENSO, and
its impact on wind speeds over the Taiwan Strait. Furthermore, the concept of a 'weather window’, which is commonly employed in
the offshore wind farm construction sector, will be employed as a relevant index. By establishing this connection, the current state of
ENSO prediction can be utilized as a valuable resource for providing critical weather window information to decision-makers. This
study makes a significant contribution to the existing literature by providing a comprehensive analysis of the influence of ENSO on
wind speeds over the Taiwan Strait. The concept of weather windows for offshore wind farm installation is introduced, offering a
practical tool for decision-makers in the offshore wind sector. The findings enhance understanding of seasonal and interannual var-
iations in wind speeds and their implications for the planning and execution of offshore wind projects. Furthermore, the importance of
integrating climate variability into renewable energy planning is highlighted, contributing to the development of more resilient and
adaptive strategies for offshore wind farm installation and operation. The article is structured as follows: Section 2 provides an
overview of the data and methodology employed in this study, while Section 3 shows the obtained results. The subsequent Section 4
delves into a comprehensive discussion of the findings.

2. Data and methodology

This section introduces the data used in this study, including environmental parameters and the ENSO index. It also defines the
concept of the weather window and includes the validation of wind speed data.
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2.1. Observed data

The large-scale atmospheric variables, such as surface 100-m winds, were obtained from the fifth generation of the European Centre
for Medium-Range Weather Forecasts (ERA5), which was on a 0.25° x 0.25° grid from the period between 1980 and 2022 [20]. All the
calculation is based on daily data. Climatology is defined as the period covering from 1980 to 2022. The seasonal definitions are as
follows: winter includes December to February (DJF); spring encompasses March to May (MAM); summer covers June to August (JJA);
and autumn spans September to November (SON). The aforementioned abbreviations can be verified in Table 1.

Two datasets are employed to evaluate the accuracy of ERA5 on the regional domain. Firstly, observed wind speed data from a wind
tower situated at Waisanding Sand Bar (23.445811°N, 120.040911°E; depicted by the green cross in Fig. 2) in Chiayi City is utilized.
This data is sourced from the Green Energy and Environment Research Laboratories at the Industrial Technology Research Institute
through personal communication. The wind tower is located on one of the largest sandbars in southwest Taiwan to study realistic near-
surface offshore wind variations at a height of 60 m. The available data spans from January 2007 to September 2022. Hourly data is
retrieved and converted from locate time (UTC+8 Taipei time) to UTC by applying an 8-h shift to facilitate comparison with ERA5.
Secondly, the regional reanalysis data is also examined by the Meteorological-Information Based Green Energy Operations Center,
Center Weather Agency (CWA) in Taiwan (https://greenmet.cwa.gov.tw) hereafter referred to as the CWA Green Energy Data. These
datasets are developed in Taiwan for green energy assessment, real-time monitoring, forecasting, and offshore wind farm installation
systems. The data is generated using CWA/WRF with a horizontal resolution of 3 km, covering the period from 2018 to 2022. The
variable of interest in this comparison is wind speed at a height of 100 m. To facilitate comparison with ERAS5, the data is regridded to a
resolution of 0.25°.

The Oceanic Nino Index (ONI) is selected as the primary ENSO index for this study and is retrieved from the Climate Prediction
Center website (https://origin.cpc.ncep.noaa.gov/products/analysis_ monitoring/ensostuff/ONI_v5.php). The ONI represents the
rolling 3-month average temperature anomaly in the surface waters of the east-central tropical Pacific, near the International Dateline
(5°N-5°S, 120°-170°W). The months are labeled using the middle month of the 3-month period. Additionally, a 30-year base period is
applied every 5 years. Index values of +0.5 or higher indicate El Nino, while values of —0.5 or lower indicate La Nina.

2.2. Definition of weather window

The duration of operations and maintenance activities at offshore wind farms is contingent upon surface wind conditions that allow
for the safe access of vessels to wind turbines. Moreover, one of the primary economic factors influencing capital expenditure during
installation is downtime caused by unfavorable weather windows [21]. Consequently, gaining insights into weather windows is
imperative when planning operational activities. A weather window refers to a period during which both wind speed and wave height
remain below specified thresholds for a minimum continuous duration. These thresholds dictate when vessels can access wind turbines
to conduct specific maintenance tasks. Various operation and maintenance strategies are employed for different weather windows to
ensure the optimal availability of wind turbines. As outlined in the previous study [22], the specific thresholds for wind speed vary for
distinct maintenance operations, ranging from 8 to 20 m s * at a height of 100 m. For this assessment, the reference threshold selects
12 m s~! continuous persistent longer than 12 h to calculate the weather window. The offshore wind farm locations selected for this
study is from 24°N to 24.5°N and from 119.75°E to 120.25°E, which align with the primary target for completion by 2030 (https://
sites.google.com/view/t-wind-marine-association, Fig. 1).

2.3. Wind speed data validation

To conduct a thorough analysis of the ENSO effect, it is essential to utilize extensive, high-quality data over a large domain. ERA5
provides wind speed data with excellent temporal and spatial resolution, making it ideal for this purpose. In contrast, the CWA Green
Energy Data, which incorporates dynamic downscaling, provides reliable regional assessments of wind fields. However, its six-year
dataset may not be sufficient to fully capture ENSO variability. To validate the representativeness of ERA5 data, we compared it
with observed wind speeds from an observed wind tower and CWA Green Energy Data (Fig. 2). To quantify the accuracy of ERAS
against CWA Green Energy Data, we used Pearson correlation coefficients, mean absolute error (MAE), and skill scores for pattern
evaluation. The Pearson correlation R is defined as [23]:

Table 1

Abbreviation table.
Abbreviations Descriptions
CWA Center Weather Agency in Taiwan
DJF December, January, and February
ENSO El Nino-Southern Oscillation
ERA5 Fifth generation of the European Centre for Medium-Range Weather Forecasts
JJA June, July and August
MAM March, April and May
ONI Oceanic Nino Index
SON September, October and November



https://greenmet.cwa.gov.tw
https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
https://sites.google.com/view/t-wind-marine-association
https://sites.google.com/view/t-wind-marine-association

W.-L. Tseng et al. Heliyon 10 (2024) e40125

30N P g , . j . j ;
1(a) L
25N —
J ‘ (b) L
| ‘ i
| Z; I
20N —| o -
15N T T | T T T T T T I T T T T
115E 120E 125E 130E 135E

Fig. 1. The current wind farms that are operational, under construction, and potential locations within two domains: (a) the larger East
Asia domain and (b) the specific Taiwan regional domain. In this depiction, the installed wind turbines are denoted by black irregular boxes, while
areas under construction are shown by orange boxes. The focal point of our assessment lies within the blue cross domain, spanning coordinates 24°N
to 24.5°N and 119.75°E to 120.25°E, which has been selected as the primary offshore wind farm location for our study.
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where x; and y; are the ERA5 and CWA Green Energy Data, respectively. The MAE is calculated as:
MAE:LD';’ i @
where n is the number of time steps. The skill score S is calculated as [24]:
S— 4(1 2+ R) 3)
<O' + };) (1 + Ro)

where R represents the spatial pattern correlation coefficient between ERA5 and CWA Green Energy Data, and o is the ratio of the
spatial standard deviation of ERA5 relative to CWA Green Energy Data. Ry is the maximum correlation attainable, which is assumed to
be 1 in this case.

The evaluation metrics for wind speed, comparing ERA5 data with CWA Green Energy Data and observed wind tower data are
shown in Fig. 2. The correlation map (Fig. 2a) between ERA5 and CWA Green Energy Data indicates an overall correlation value
exceeding 0.9 over the Taiwan Strait, affirming its reliability. Furthermore, comparison with observed wind tower data reveals a
correlation of 0.92, demonstrating realistic wind speed variations even against actual observed data. Moreover, when extending the
observed data to 16 years, the correlation values remain robust in terms of wind speed (Fig. 2b). Consequently, ERAS emerges as a
dependable data source for our analysis. Over the wind farm region, the MAE values range from 1 to 2 m s~ !, with larger biases
observed closer to the coastline (Fig. 2¢). These higher errors near the coast likely stem from the complex interactions between land
and sea, which can create more challenging conditions for accurate wind speed modeling. Despite these biases, the skill scores remain
within the range of 0.8-0.9 (Fig. 2d), indicating that ERAS data maintains strong reliability. A skill score of 1 represents a perfect
match between datasets, while lower values indicate weaker agreement; the relatively high skill scores thus confirm ERA5’s
dependable performance in capturing wind speed patterns. This metrics evaluates the performance of ERA5 wind speed data by
comparing it with CWA Green Energy Data and wind tower observations using metrics such as correlation coefficients, MAE, and skill
scores. The results suggest that ERAS is a reliable data source for assessing offshore wind speeds, particularly in open ocean regions,
making it well-suited for evaluating offshore wind farm potential.

3. Results

This section first provides a diagnostic analysis of the mean state and ENSO circulation. It then examines the impact of ENSO on
wind speed assessments. Finally, the results of the weather window detection are investigated.

3.1. Mean states and El Nino-Southern Oscillation circulation

The mean-state circulation over the Taiwan Strait is primarily influenced by the East Asian monsoon [25]. Fig. 3 demonstrates the
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Fig. 2. Evaluation metrics of the wind speed. (a) Shading indicates the correlation coefficient between ERA5 and CWA Green Energy Data. The
numbers indicate the correlation of ERA5 with the observed wind tower data (green cross). Red colors indicate correlations higher than 0.8. The
daily averaged data is from 2018 to 2022, spanning six years. (b) Similar to (a) but with a smaller domain outlined by the black box in (a) and using
longer period from 2007 to 2022, covering 16 years for textual information. Missing data from the wind tower is excluded from all calculations. (c)
Shading shows the Mean Absolute Error (MAE) between ERA5 and CWA Green Energy Data. (d) Shading represents skill scores between ERA5 and
CWA Green Energy Data. A skill score of 1 indicates an identical match between the two datasets.

circulation climatology and ENSO composite of winter and summer season. During the winter monsoon season, the strong Siberian
high-pressure system, situated in Siberia and the Mongolian Plateau, directs cold and dry winds toward the warmer and moister re-
gions of East and Southeast Asia (Fig. 3a). This extensive continental climate system results in a robust northeasterly wind pattern
along the western boundary of the Pacific Ocean, which then turns east-northeasterly as it crosses the Taiwan Strait (climatology).
However, during El Nino years, a distinct cyclonic circulation pattern materializes over the northwest Pacific (Fig. 3b), offsetting the
typical south-westerly anomaly and consequently leading to a reduction in wind speeds. In contrast, La Nina years produce conditions
conducive to cyclonic circulation over the western Pacific, resulting in a north-easterly anomaly that amplifies the background wind
speed (Fig. 3c). During the East Asian summer monsoon, a converse circulation pattern emerges, characterized by the prevalence of
robust southerly winds across the Taiwan Strait (Fig. 3d). Notably, during El Nino summers, a cyclonic circulation configuration takes
shape over the northwest Pacific, contributing to the weakening of the southerly mean flow (Fig. 3e), while La Nina summers foster
southerly intensification, partly attributed to the presence of an anticyclone situated east of Taiwan and the Philippines (Fig. 3f). While
the winter season prominently exhibits the ENSO-associated circulation signals, the summer season showcases a comparatively less
pronounced response to ENSO.

Delving into the seasonal dynamics, the correlation between wind speed and the ONI index from 1980 to 2022 is shown in Fig. 4. As
previously mentioned, the ONI index represents the rolling 3-month average temperature anomaly in the surface waters of the tropical
Pacific. The months are labeled using the middle month of each 3-month period. The shading in the figure represents the correlation
coefficients between the ONI index and 100-m wind speed across various regions. The color bar on the right indicates the strength of
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Fig. 3. The sea level pressure climatology and ENSO anomalous sea level pressure (shading; hPa) along with 850 hPa wind (vectors; m s-
1) over East Asia. The top row [(a-c)] corresponds to the winter season, while the bottom row [(d—f)] corresponds to summer. Panels (a), (d)
represent the climatology, panels (b), (e) show El Nino conditions, and panels (c), (f) display La Nina conditions. Dots on the figure indicate sig-
nificance levels at the 90 % confidence level.

these correlations: positive values suggest a direct relationship (i.e., higher wind speeds during El Nino events), while negative values
indicate an inverse relationship (i.e., higher wind speeds during La Nina events). This is especially relevant for offshore wind farm
installations, as changes in wind speed due to ENSO can significantly impact operations. The black dots in the figure represent regions
where the correlations are significant at the 99 % confidence level. The correlation strength varies across the region, with some areas
showing stronger positive or negative correlations, highlighting that ENSO’s influence on wind speeds is not uniform. Most months
exhibit a negative correlation over the Taiwan Strait, suggesting weaker winds during El Nino events and stronger winds during La
Nina events. September is the sole exception, showing a weak positive correlation. The extensive significant areas in the figure
demonstrate that ENSO has a statistically significant influence on wind speeds across a wide region. Notably, the significant negative
correlation is particularly pronounced from October to May, indicating consistently weaker winds during El Nino years and stronger
winds during La Nina years during winter seasons. In conclusion, Fig. 4 demonstrates the substantial impact of ENSO on wind speeds in
the Taiwan Strait region, with statistically significant patterns. This information is crucial for optimizing wind farm operations and
planning, particularly during La Nina years when wind speeds tend to be higher.

3.2. Impact of El Nino-Southern Oscillation on wind speed assessments

While evaluating the offshore wind farm locations as depicted in Fig. 1, the probability distribution of wind speed ratios, averaged
across the installation domain, is shown in Fig. 5. In alignment with the broader circulation patterns, this seasonal analysis reveals a
bimodal probability distribution characterized by higher wind speeds in winter and lower speeds in summer. The threshold for
transitioning from weak to strong winds is set at 12 m s~ 1. The distribution of wind speeds over the entire year ranks as follows: DJF
(66.4 %), SON (52.4 %), MAM (29.4 %), and lastly JJA (15.4 %). It is worth noting that from spring to summer, conditions are more
favorable for offshore wind turbine installation.

The straightforward relationship between ENSO and wind speed over the offshore wind farm is illustrated in Fig. 6a, where the
right axis represents 100-m wind speed anomalies (m/s). These anomalies are calculated by subtracting the monthly climatology,
allowing for a focus on deviations from the average wind conditions. The strong negative correlation of —0.56 supports the previous
conclusion that El Nino tends to weaken wind speeds, while La Nina years strengthen them, generally speaking. However, an unex-
pected pattern emerges when the probability distribution of wind speeds during ENSO events (Fig. 6b) is examined in closer detail. The
ratio of wind speeds exceeding 12 m s~! is actually higher during La Nifia years (34.7 %) compared to El Nifio years (29.9 %), with the
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Fig. 4. Correlation between the ONI index and 100-m wind speed. The shading represents the correlation coefficients between the ONI index
and 100-m wind speed across various regions. The color bar on the right indicates the strength and direction of the correlations. Dots on the figure
represent regions where the correlations are significant at the 99 % confidence level.
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Fig. 5. The probability distribution function of 100-m wind speed associated for different seasons. The figure displays the probability
distribution function (PDF) of 100-m wind speeds for the four seasons: MAM (spring), JJA (summer), SON (autumn), and DJF (winter). The vertical
line marks the 12 m s~! threshold, with the percentage values indicating the probability of exceeding this wind speed in each season. DJF (winter)
has the highest probability of wind speeds exceeding 12 m s ! (66.4 %), followed by SON (52.39 %), MAM (29.41 %), and JJA (15.39 %).
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Fig. 6. Relationship between ENSO and wind speed. (a) On the left axis, it shows the ONI index, and on the right axis, it displays the 100-m wind
speed anomalies (m s~1) averaged over the region in the Taiwan Strait (as outlined by the yellow box in Fig. 1b). Anomalies are calculated by
removing the monthly climatology to highlight deviations from the norm. (b) The panel displays the probability distribution function of 100-m wind
speed for neutral (yellow), El Nino (red), and La Nina (blue) events.

lowest ratio occurring in neutral years (25 %). Interestingly, neutral years have a mean wind speed position in between but tend to
have a left-skewed distribution. This implies that not only do La Nina years impact installation progress negatively, but El Nino years
also have a secondary adverse effect.

The box plots in Fig. 7 provide a more detailed view of wind speeds for each season. In principle, the spring and summer seasons are
more favorable for wind turbine installation due to the generally lower wind speeds that fall below the threshold of 12 m s~'. During
these seasons, particularly in La Nina years, there is a higher likelihood of encountering favorable wind conditions that facilitate
installation activities. Conversely, the autumn and winter seasons show greater challenges, with a higher probability of winds
exceeding 12 m s}, especially during La Nifia years. This pattern highlights the considerable impact of the ENSO signal, which is most
pronounced during the winter season, resulting in stronger winds that can impede installation efforts. The analysis indicates that while
spring offers the most optimal conditions for installation, it is essential to implement meticulous planning and adaptive strategies to
mitigate the adverse effects of ENSO, particularly during the autumn and winter months. It is also noteworthy that interannual
variability is investigated, as shown in Fig. 8. It is not surprising that during autumn and winter, La Nina years exhibit the highest
frequency of wind speeds exceeding 12 m s~!. However, neutral years contribute more to this condition than El Nifio years. This
variability indicates that even in the absence of a strong ENSO signal, wind speeds can still pose significant challenges during neutral
years. It is noteworthy that when wind power generation is considered instead of installation, La Nina years also show challenging
conditions, characterised by numerous minimum peaks during the summer season. This suggests that La Nina impacts not only the
installation windows but also the operational efficiency of wind farms during the summer months, necessitating comprehensive
planning for both installation and operational phases.

3.3. Detection of weather window

To align with the objectives of the installation assessments, wind speed data is transformed into weather window information to
facilitate the co-production of climate services. As outlined in Section 2, the weather window criteria entail wind speeds below 12 m
s~1 at a height of 100 m and a duration of at least 12 h. The total count of feasible weather windows is visualized in Fig. 9, revealing
significant variability throughout the year, with occurrences ranging from 12 to 56. La Nina conditions lead to a notable reduction in
workable weather windows, particularly from October to June. This reduction is most pronounced during the winter and spring
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Fig. 7. Box plots of wind speed in each season. (a) Spring, (b) Summer, (c) Autumn, and (d) Winter. The box plots represent the distribution of
100-m wind speeds during each season, with the central black dot indicating the mean wind speed. The whiskers represent the range of wind speeds,
and the interquartile range (IQR) is depicted by the boxes. The plots compare neutral (gray), El Nino (red), and La Nina (blue) phases, highlighting
seasonal variations and the influence of ENSO on wind speeds.

months when the strong ENSO signal impacts wind patterns, resulting in fewer opportunities for safe and efficient wind turbine
installation. Conversely, El Nino and neutral conditions offer more stable and favorable weather windows, especially during the
summer and early autumn months, when the number of feasible weather windows peaks. The chart shows that during La Nina years,
the number of workable weather windows decreases significantly during the late autumn and winter months, reaching its lowest in
December. This decrease highlights the challenges posed by stronger wind conditions associated with La Nina events, which can
impede installation activities. In contrast, the number of weather windows increases during the spring and summer months under
neutral and El Nino conditions, providing more opportunities for installation during these periods. To provide precise quantification,
supplementary data detailing weather window statistics relative to climatology for each month from 1980 to 2022 is included. This
data supports the identification of optimal periods for installation and helps in planning and decision-making processes. By under-
standing the monthly and seasonal distribution of weather windows, stakeholders can better anticipate and mitigate the impacts of
ENSO on offshore wind farm installations, ensuring more efficient and resilient project execution.

Additionally, Fig. 10 illustrates the anomalies in weather window occurrences. During extreme months, such as December, weather
windows can decrease by up to fourfold during La Nina years, while they may increase by up to fivefold in November during El Nino
years. This figure shows the monthly anomalies of weather windows under different ENSO conditions, providing a clear representation
of how ENSO phases can significantly alter the availability of suitable installation periods. In January, La Nina conditions show a
significant decrease in weather windows (an anomaly of —3.1), while El Nino conditions show a moderate increase (an anomaly of
1.5). This trend continues in February, with La Nina showing a decrease (—2.6) and El Nino an increase (1.5). The pattern reverses in
the spring and summer months, where La Nina conditions generally show increased weather windows, such as in July (an anomaly of
2.6), while El Nino conditions often show decreases, particularly in July (—2.8) and August (—2.1). These anomalies highlight the
complexity and variability introduced by ENSO events. La Nina tends to reduce the number of weather windows during critical
installation months in late autumn and winter, while El Nino can provide more favorable conditions during these periods. Under-
standing these anomalies is crucial for optimizing installation schedules and ensuring efficient resource allocation. By analyzing these
seasonal and interannual variations, stakeholders can better anticipate and manage the risks associated with offshore wind farm in-
stallations. This comprehensive understanding of weather window anomalies under different ENSO conditions allows for more
informed decision-making, ensuring that installation activities are planned during the most favorable periods and adapting strategies
to mitigate the adverse effects of ENSO.
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Fig. 8. Box plots of interannual wind speed in each season from 1980 to 2022. (a) Spring, (b) Summer, (c) Autumn and (d) Winter. The box
plots display the interannual variability of 100-m wind speeds for each season over the period from 1980 to 2022. The data is categorized by ENSO
phase: Neutral (gray), El Nino (red), and La Nina (blue). The boxes represent the interquartile range (IQR), the whiskers indicate the range of wind
speeds, and the black dots represent the mean wind speed for each year.
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Fig. 9. Number of total weather windows in neutral (black), El Nino (red), and La Nina (blue) events. The figure shows the total number of
weather windows across each month for Neutral (black), El Nino (red), and La Nina (blue) events. The x-axis represents the months of the year,
while the y-axis indicates the number of available weather windows.

4. Discussion

This study investigates the impact of the ENSO on offshore wind farm installation assessments in the Taiwan Strait, with a primary
focus on evaluating the suitability of weather windows for installation. Weather conditions significantly influence the installation
process, and understanding the correlation between ENSO events and wind speeds is critical. The study utilizes the ONI to establish this
correlation, defining weather windows based on a threshold wind speed of 12 m s~ ! at a height of 100 m. The analysis covers four
seasons: winter, spring, summer, and autumn.

The study reveals a strong negative correlation between ENSO and wind speed over the Taiwan Strait. El Nino events tend to result
in weaker wind speeds, while La Nina events strengthen wind speeds. This relationship is crucial for predicting installation windows
and planning accordingly. However, a detailed examination of wind speed probability distributions during ENSO events brings sur-
prising insights. Contrary to expectations, wind speeds exceeding 12 m s ! occur more frequently during La Nifia years (34.7 %) than El
Nino years (29.9 %), with neutral years falling in between (25 %). This indicates that even neutral years, which do not have strong
ENSO signals, can still significantly impact installation progress.
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Fig. 10. Number of anomalous weather windows in neutral (black), El Nino (red), and La Nina (blue) events. The figure illustrates the
monthly anomalies in the number of weather windows for Neutral (black), El Nino (red), and La Nina (blue) phases. The x-axis represents the
months of the year, and the y-axis shows the deviation from the average number of weather windows, with positive values indicating more weather
windows than the average and negative values indicating fewer.

Further analysis considers both seasonal and interannual variability. Spring and summer emerge as better seasons for installation,
with higher possibilities of workable weather windows due to generally lower wind speeds. In these seasons, particularly during La
Nina years, there is a higher likelihood of encountering favorable wind conditions that facilitate installation activities. Conversely,
autumn and winter show greater challenges for installation, with higher probabilities of winds exceeding 12 m s, particularly during
La Nina years. This pattern underscores the substantial impact of the ENSO signal, which is most pronounced during the winter season,
resulting in stronger winds that can impede installation efforts. Interannual variability reveals that La Nina years exhibit the highest
frequency of wind speeds exceeding 12 m s~ in autumn and winter. Neutral years also contribute significantly to high wind speed
occurrences, while El Nino years show lower frequencies. Interestingly, when focusing on wind power generation instead of instal-
lation, La Nina years demonstrate challenges during the summer, characterized by numerous minimum peaks. This suggests that La
Nina impacts not only installation windows but also the operational efficiency of wind farms.

Weather windows, defined by wind speeds below 12 m s™! for at least 12 h, are critical for the safe and efficient installation of
offshore wind turbines. The total count of feasible weather windows reveals significant variability throughout the year, with occur-
rences ranging from 12 to 56. La Nina conditions lead to a notable reduction in workable weather windows, particularly from October
to June. This reduction is most pronounced during the winter and spring months when the strong ENSO signal impacts wind patterns.
Conversely, El Nino and neutral conditions offer more stable and favorable weather windows, especially during the summer and early
autumn months. The monthly anomalies of weather windows under different ENSO conditions further illustrate the impact. During
extreme months, such as December, weather windows can decrease by up to fourfold during La Nina years, while they may increase by
up to fivefold in November during El Nino years. This variability highlights the importance of considering ENSO phases in installation
planning.

While wind conditions are critical for offshore wind farm installation, wave conditions are equally important in determining
suitable weather windows. High wave heights and long wave periods can disrupt installation activities, pose risks to vessel operations,
and cause significant project delays. Although this study focuses solely on 100-m wind speeds for evaluating weather windows, wave
information is also crucial for assessing construction risks. Compared to wind data, wave characteristics—including height, frequency,
and direction—are often more influential but come with greater uncertainty. Even in observational datasets, wave measurements are
frequently obstructed or incomplete. In model data, high-resolution wind-wave modeling is typically required to capture wave
behavior accurately. Therefore, an integrated approach that considers both wind and wave conditions is essential for accurately
determining weather windows and mitigating risks. Future studies should aim to combine wave data with wind speed assessments to
provide a more comprehensive framework for offshore wind farm planning and operations.

Despite the challenges posed by environmental impacts on offshore wind farm installation being mentioned in previous studies [1,
2,91, a comprehensive investigation covering the entire wind farm sector in Taiwan has not been thoroughly conducted [4]. Most
existing studies focus on the impact of climate warming [3] on wind energy generation, with limited attention given to installation
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risks. This gap in research makes it difficult for decision-makers to develop near-term policies, particularly in the context of Taiwan’s
2050 net-zero target. This study uses Taiwan and ENSO’s impact as a case study to demonstrate that assessing interannual climate
variability is crucial for near-term future risk assessments. The findings highlight the importance of incorporating climate variability
into global wind farm installation assessments [4-6], emphasizing the need for more detailed evaluations to inform future energy
policy and planning.

5. Conclusion

In this research, the ENSO is selected as the indicator to evaluate interannual wind speed variability. The advantage of using ENSO
is that it is one of the dominant drivers of interannual variability, with a pronounced and well-documented signal. Additionally, ENSO
typically provides good predictability in state-of-the-art seasonal prediction models, offering valuable information for decision-
makers. However, the disadvantage is that ENSO is not the only factor influencing wind speed variability, and relying solely on it
may overlook other important climatic factors. Thus, while ENSO provides a robust framework for predictions, it should be integrated
with other indicators for a more comprehensive assessment. The key conclusion of this studies.

(1) Impact of ENSO on Wind Speeds: ENSO significantly influences wind speeds in the Taiwan Strait, with El Nino events leading to
weaker winds and La Nina events resulting in stronger winds, especially during the winter months.

(2) Seasonal and Interannual Variability: Spring and summer are identified as the most favorable seasons for offshore wind turbine
installation, but La Nina years create challenges with increased wind speeds, particularly in autumn and winter.

(3) Reduction in Weather Windows: During La Nina years, the number of feasible weather windows decreases by up to 40 %,
especially from October to June, making installation more difficult. In contrast, El Nino and neutral conditions offer more stable
weather windows.

The findings from this study have several critical implications for offshore wind farm projects.

(1) By understanding the seasonal and interannual variations in wind speeds and weather windows, stakeholders can better
anticipate favorable conditions for installation, ensuring efficient and resilient project execution.

(2) Quantifying the impact of ENSO events on weather windows contributes to the development of predictive tools and climate
services that assist decision-makers in optimizing installation timing and resource allocation.

(3) The study’s insights into the relationship between ENSO events and wind power generation underscore the need for compre-
hensive planning for both installation and operational phases.

Overall, this research improves our understanding of the complex interactions between climate variability and offshore wind
energy projects, providing valuable insights for the sustainable development of renewable energy in the Taiwan Strait. Through
seasonal forecasting, it is possible to effectively predict the scheduling of work vessels and the allocation of worker hours, thus
optimizing the management of annual working hours. By using ENSO forecasts, decision-makers can better anticipate favorable
conditions, ensure that installation activities are scheduled during optimal periods, and adjust strategies to mitigate the adverse effects
of ENSO and long-term scheduling.
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