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Abstract:  

Understanding the future offshore wind energy is crucial for making an appropriate energy strategy. 

Yet how offshore wind energy will respond to the rapidly intensifying global warming remains 

inconclusive. Focusing on a tropical sea in Vietnam, this study assesses the climatic impact of global 

warming on the local offshore wind potential. Dynamically downscaled wind data obtained by an edge-

cutting fine-resolution regional climate model with two greenhouse-gases Representative Concentration 

Pathway (RCP) scenarios 8.5 and 4.5 were biased-corrected with a quantile mapping method before 

using for assessment. Results revealed a decreasing trend of the annual-mean offshore wind speed and 

power potential in Vietnam under both scenarios. However, the change is seasonally asymmetric with 

profound decreases of about 2 – 10% in September-October-November and slight increases of about 2 

– 4% in December-January-February. The turbine-based assessment showed that the cumulative annual 

energy obtained from the 12 MW and 8 MW turbines could reach the highest about 50.9 GWh and 30.7 

GWh (2080–2099 average under scenario RCP8.5) but the difference in their capacity factor is much 

smaller, suggesting that turbine 8MW should be considered in the sense of cost-effectiveness in some 

areas.  
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Introduction 

Clean and renewable energies are keys to reducing fossil fuels dependency and promoting a 

decarbonized economy. Transition to clean and renewable energies is an essential solution to achieve 

the Sustainable Development Goals (regarding affordable and clean energy) toward 2030 addressed by 

the United Nations [1]. Offshore wind energy arises as a highly prospective renewable energy resource 

with great potential for growth due to the scarcity of installed offshore wind farms and the vast ocean 

areas available for installation. A primary advantage of offshore wind energy is the higher electricity 

generation ability because wind speeds over the ocean are generally steadier and stronger than over land 

areas [2]. Also, another plus is practically unlimited offshore sites for wind farm deployment with little 

or no impact on the residential conflict [2]. Moreover, recent advances in offshore wind technologies 

help to reduce the capital, installation and operation costs [3]. 

An increasing number of studies investigated the future change of wind field and respective wind energy 

potential with global warming [4–13]. A majority of studies is focused on onshore wind energy 

[6,7,10,13,14]. Fewer studies have addressed offshore wind energy [4,5,11,12]. Technically, 

quantitative assessment of future wind energy is conducted based on climate projection data delivered 

by state-of-the-art Global Climate Models (GCMs). GCMs can represent the atmospheric dynamics 

processes considering greenhouse gas concentration scenarios [4]. However, the coarse resolution of 

GCMs (about roughly 100 km or more up to date) is not desirable for assessing offshore wind potential 

over ocean areas close to the coastline, where wind-energy exploration is likely feasible. Downscaling 

approaches generate spatial-detailed wind information from GCMs outcomes, up to the scale practical 

for decision making. Downscaling techniques include statistical-based, some of which use machine 

learning algorithms [4], and dynamical downscaling (DDS) with fine-resolution regional climate 

models (RCM) forced by GCMs outputs. An advantage of DDS regarding its dynamic-based 

characteristic allows models to represent localized atmospheric physical processes explicitly, though 

the method demands higher computational resources [15].  

Recent studies revealed understandings about future offshore wind energy potential regarding how it 

will change with the intensifying global warming. For instance, Zhang and Li [4] showed that future 

offshore wind energy (i.e., 2041–2060 and 2081–2100) would increase over the Chinese coastline in 

the South China Sea while decreasing over the East China Sea. Earlier studies showed the increasing 

signal of wind power (up to + 20 % at the end of the 21st century) over the Baltic Sea [6,7] . Meanwhile, 

Barstad et al. [8] showed that wind speed and wind power generation in 2020–2049 were projected to 

decrease slightly with a range of 2–6% when comparing to 1972–2001 in most areas of northern Europe. 

Koletsis et al. [9] combined six RCM simulations to evaluate future wind energy potential over the 

Mediterranean Sea for 2021–2050 and 2061–2090. They found out a decrease over the central 

Mediterranean Sea and an increase over the Alboran, Aegean seas and the Gulf of Lion. Richard et al. 
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[10] assessed the impact of climate change on wind energy in the two future periods 2021–2050 and 

2061–2090 over the European domain. They found that wind energy resources were projected to 

decrease over most of Europe and increase over the Barents Sea and North Africa under two 

greenhouse-gases scenarios, i.e., the Representative Concentration Pathway (RCP) 4.5 and RCP 8.5.  

A study gap lies in the inconclusive understanding of how future offshore wind energy will respond to 

the global warming effects as both increase/decrease signals are detected in the literature. Note that 

wind modification in response to global warming is not straightforward because of complex physical 

processes underlying climate systems [16,17]. Diversifying target geographical regions is needed to 

build comprehensive knowledge about the issue.  

This study aimed to advance the current understanding of the future change in offshore wind energy 

potential under the global warming effects over a tropical region, taking Vietnam as a case study. The 

detection of global-warming signals over a tropical area like Vietnam contributes to general knowledge 

on the future change in offshore wind energy. Dynamically downscaled wind data are obtained from a 

state-of-the-art fine-resolution RCM. Two greenhouse-gases scenarios, RCP 4.5 and RCP 8.5, are 

considered to catch inter-scenario variability. In detail, we aim to answer two research questions in this 

study: (1) How does climate change influence annual and seasonal offshore wind energy in the low-

latitude area? And (2) What are the new risks and opportunities of offshore wind power in the context 

of global warming. 

2. Data and methodology 

2.1 Dynamical downscaling wind product 

Historical (hereinafter called HIST) and future sea-surface wind data are obtained from downscaling 

experiments, which are conducted under the framework of the Southeast Asia Regional 

Downscaling/Coordinated Regional Climate Downscaling Experiment (SEACLID/CORDEX-SEA) 

project [18]. The Regional Climate Model version 4.3 (RegCM4) [19] was integrated with the initial 

and boundary conditions taken from the CNRM-CM5.1 global climate model [20] for the reference 

period 1986–2005 and the future period 2006–2100 under two greenhouse-gases scenarios RCP4.5 and 

RCP8.5. CNRM-CM5.1 includes the atmospheric model ARPEGE-Climat (v5.2), the ocean model 

NEMO (v3.2), the land surface scheme ISBA and the sea ice model GELATO (v5) coupled through the 

OASIS (v3) system [20]. The horizontal resolution of CNRM-CM5.1 is equal to 1.4º (~150km) for the 

atmospheric component, while the RegCM4 downscaling experiment has a better spatial resolution of 

25km. In this study, we consider that the horizontal resolution of approximately 25 km is adequate 

because we focus on the country-wide scale assessment. Note that though this study considers inter-

scenario uncertainty (as two RCPs are used) and internal-climate variability (as long-term data are used 

for the assessment), the dynamical downscaling is based on a single global and regional climate model; 
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thus, inter-model uncertainty is not discussed here. The RegCM4 downscaling run configuration was 

based on the sensitivity experiments conducted by the CORDEX-SEA community [21–23]. More 

detailed information on the CNRM-CM5.1–RegCM4 experiment is found in [16], where the added 

values of the downscaled sea surface wind compared to the original CNRM-CM5.1 products were 

demonstrated. Although the downscaled products cover the Southeast Asian domain of [15ºS–27ºN; 

89.5ºE–146.5ºE], this present study only focuses on the off-shore region of [6ºN–24ºN; 101ºE–115ºE] 

surrounding Vietnam. 

2.2 Bias correction method 

Model errors are inevitable as numerical models are not perfect [24]. Climate models exhibit systematic 

error (biases) due to the limited spatial resolution, simplified dynamic and physics processes, or 

incomplete knowledge of climate system. Hence, the raw climate model outputs have to be bias-

corrected before being used for further assessment. Bias correction for wind speed has been applied for 

previous studies [5,8,13]. Errors from model outputs may affect study results. Using bias correction can 

therefore help to increase the similarity of simulation data to observed data. The quantile mapping 

method can make the distributions of two datasets close together. In general, the steps of the method 

used in this paper are as follows: 

- Two parts (calibration and validation) are obtained from dividing the simulation and observed data 

- The distribution function in the calibration part is determined 

- Transfer function is determined 

- Transfer function is applied to adjust the wind speed during the validation period 

- The effectiveness of the method is evaluated based on the 95th percentiles (q95), 99th percentiles 

(q99), coefficient of variation (CV) 

Li et al. [25] compared five bias correction methods and showed that the quantile mapping method 

based on the Weibull distribution (QMWD) best-corrected surface wind data. Therefore, we apply the 

QMWD method (Library Python scipy’s exponweib) in this study for each grid point of the downscaled 

CNRM-CM5.1–RegCM4 product. The limitation of QMWD is that the method cannot retain 

intervariable dependencies and adds variability to smooth spatial fields, though it can correct any bias 

in the distribution function [26]. The observational wind dataset is obtained from a Cross-Calibrated 

Multi-Platform (CCMP) project of the National Aeronautics and Space Administration (NASA). The 

CCMP dataset was built by combining information from several satellite devices such as microwave 

scatter meters (SeaWinds, QuikScat) and microwave radiometers (WindSat, TMI, etc.). The CCMP 

dataset is a reliable illustration of the ocean surface wind at a temporal resolution (6-hourly) and a high 

spatial resolution (0.25º) from July 1987 to June 2011 [27]. This study uses the CCMP as a reference 

surface wind dataset for the simulation’s bias correction. 
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The two datasets, simulation data (HIST) and CCMP, are used to correct bias and evaluate future wind 

energy in Vietnam. As the resolution of the two datasets is close, here we apply “nearest neighbor” 

interpolation approach when regridding CCMP data to CORDEX SEA coordinates before using it for 

bias correction. In this study, the dataset obtained after bias correcting the HIST is called the BC. 

Table 1. Characteristics of datasets 

 OBS HIST BC 

Origin 

NASA’s Cross-
Calibrated 

Multi-Platform 
(CCMP) dataset 

Historical dynamical 
downscaling data from 

the Southeast Asia 
Regional 

Downscaling/Coordinated 
Regional Climate 

Downscaling Experiment 
(SEACLID/CORDEX-

SEA) 

Bias-corrected historical 
dynamical downscaling 
data from the Southeast 

Asia Regional 
Downscaling/Coordinated 

Regional Climate 
Downscaling Experiment 
(SEACLID/CORDEX-

SEA) 

Spatial coverage Global 15ºS–27ºN; 89.5ºE–
146.5ºE 6ºN–24ºN; 101ºE–115ºE 

Spatial resolution 
(latitude x longitude) 0.25º x 0.25º 0.226º x 0.226º 0.226º x 0.226º 

Temporal resolution  6-hourly Daily Daily 

We describe the equations used for the QMWD method [25] as follows. 

The Weibull distribution function used to approximate wind data is: 

𝑊𝑊𝑊𝑊𝑊𝑊(𝑉𝑉) = �𝑉𝑉
𝑐𝑐
�
𝑘𝑘−1

× 𝑘𝑘
𝑐𝑐

× 𝑒𝑒−�
𝑉𝑉
𝑐𝑐�
𝑘𝑘

  (1) 

where k, c are shape and scale parameters, respectively. V is surface wind velocity. 

The Weibull distribution’s cumulative distribution function is: 

𝑓𝑓(𝑉𝑉) = 1 − 𝑒𝑒−�
𝑉𝑉
𝑐𝑐�
𝑘𝑘

 (2) 

Then the following transfer function is applied to transform the HIST simulated wind speed into the BC 

data whose distribution is close to that of the observed data: 

𝑉𝑉𝐵𝐵𝐵𝐵 = 𝑓𝑓𝑂𝑂𝑂𝑂𝑂𝑂−1 �𝑓𝑓𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻(𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻)� = 𝑐𝑐𝑂𝑂𝑂𝑂𝑂𝑂 �−𝑙𝑙𝑙𝑙 �1− �1 − 𝑒𝑒−(𝑉𝑉𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻/𝑐𝑐𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻)𝑘𝑘𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻���
1/𝑘𝑘𝑂𝑂𝑂𝑂𝑂𝑂

  (3) 

where the subscripts “OBS”, “HIST” and “BC” denote the CCMP data, simulation data and the data after 

bias correction, respectively. 

2.3 Wind power calculation 

Since wind speed generally increases with height, the hub height of the wind turbines is designed to be 

at a high altitude to generate more electrical power [28]. Thus, to estimate wind power potential, there 

is a need to extrapolate surface wind speed to the values at the turbine hub height. The two most common 
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analytical methods for extrapolating wind speed with altitude are log and power laws [29]. The power 

law method [8,30,31], which represents the wind speed relationship between different heights in the 

simplest way, is applied in this study:  

𝑉𝑉ℎ𝑢𝑢𝑢𝑢 = 𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �
𝑧𝑧ℎ𝑢𝑢𝑢𝑢

𝑧𝑧𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
�
𝛼𝛼

 (4) 

where z is altitude, V is wind velocity. The subscripts "hub" and "surface" denote the turbine hub height 

and surface level (zsurface=10m), respectively. 𝛼𝛼 is the power law exponent, depending on many factors 

such as environmental conditions, local climatology and surface roughness. In this study, the value 𝛼𝛼 

=1/10 is chosen following previous works [8,30,31]. 

There are currently two popular types of turbines, i.e., the horizontal- and vertical-axis wind turbines, 

where the former is more common than the latter.  In this study, the reference horizontal axis turbines 

for an offshore wind farm are assumed to be Haliade-X 12MW (HX12) and MHI Vestas V164 8MW 

(VS8). At a time t, the power generated by the wind turbines is determined according to the formula 

below [32]: 

𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑡𝑡) =

⎩
⎪
⎨

⎪
⎧ 0, 𝑉𝑉(𝑡𝑡) < 𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖

0.5 × 𝜌𝜌𝑎𝑎𝑎𝑎𝑎𝑎 × 𝐶𝐶𝑝𝑝 × 𝐴𝐴𝑡𝑡 × 𝑉𝑉(𝑡𝑡)3, 𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 ≤ 𝑉𝑉(𝑡𝑡) < 𝑣𝑣𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , 𝑣𝑣𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ≤ 𝑉𝑉(𝑡𝑡) < 𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜  

0, 𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐 𝑜𝑜𝑜𝑜𝑜𝑜 ≤ 𝑉𝑉(𝑡𝑡) 

   (5) 

where 𝐶𝐶𝑝𝑝 = 0.35 is the power curve coefficient and 𝜌𝜌𝑎𝑎𝑎𝑎𝑎𝑎 = 1.225 𝑘𝑘𝑘𝑘/𝑚𝑚3 is air density 

Table 2. Characteristics of the turbines 

Characteristics Haliade-X 12 [33] MHI Vestas V164 [34,35] 

Rated power (𝑷𝑷𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓) 12000 kW 8000 kW 

Rotor diameter (𝑫𝑫𝒓𝒓) (m) 218.2 164 

Cut-in velocity (𝒗𝒗𝒄𝒄𝒄𝒄𝒄𝒄 𝒊𝒊𝒊𝒊) (m/s) 3.5 4 

Rated velocity (𝒗𝒗𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓) (m/s) 12 13 

Cut-out velocity �𝒗𝒗𝒄𝒄𝒄𝒄𝒄𝒄 𝒐𝒐𝒐𝒐𝒐𝒐� (m/s) 28 25 

 

The energy output of the wind turbine during the period is: 

𝐸𝐸𝑜𝑜𝑜𝑜𝑜𝑜 = ∑ 𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑡𝑡)𝑁𝑁
𝑡𝑡=1 × 𝑇𝑇𝑟𝑟   (6) 

where 𝑇𝑇𝑟𝑟 and N are the temporal resolution (in hours) and the number of spans, respectively.  
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The capacity factor (CF), i.e. the efficiency of the wind turbine, represents the ratio between the total 

energy output and the maximum energy output of the turbine over a time period, usually a year [20]. It 

is determined by the following formula:  

𝐶𝐶𝐶𝐶 = 𝐸𝐸𝑜𝑜𝑜𝑜𝑜𝑜
∑ 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟×𝑇𝑇𝑟𝑟𝑁𝑁
𝑡𝑡=1

× 100%   (7) 

Fig. 1 displays the relationship between the velocity and power output of HX12 and VS8 wind turbines. 

Similarly to Dinh and Nguyen [36], this study assumes that the wind farm has a density of one turbine 

per one square kilometer. 

 

 

Figure 1. Power curve of HX12 ([33]) and VS8 ([34,35]) turbines 

3. Results and discussions  

3.1 Bias correction 

Applying the QMWD approach described in Section 2.2, the transfer function is derived at each grid 

point for the training period 1988–2000. The independent period 2001–2005 is used to evaluate the 

effectiveness of the transfer function. Fig. 2(a, c) shows that the BC annual wind speed obtained after 

applying the QMWD method is close to the observed data. When comparing Fig. 2(a, b), we see a 

relatively large difference between the HIST and the OBS datasets. Accordingly, the absolute bias of 
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the BC with the reference OBS data is significantly lower than the HIST’s mean bias (0.0 m/s versus 

1.89 m/s and -0.12 m/s versus 1.78 m/s over the training period 1988–2000 and the independent period 

2001–2005, respectively). After the correction, the mean biases become small of approximately -0.12 

m/s (2 ~ 3 %) as shown in Fig. 2(e-2), that is consistent to the results of Li et.al [25] for the region of 

interest (Vietnam). Fig 2(f, g) shows the Root Mean Square Error (RMSE) of HIST and BC compared 

with OBS data. The mean RMSE value decreased from 2.49 to 1.3 over the independent period after 

applying the bias correction. In addition, bias correction used in this research is good because RMSE 

over the independent period is quite similar to the training period. 

 

Figure 2. (a-c) annual-mean surface wind speed of a) the CCMP-observed data (OBS), b) the 

SEACLID/CORDEX-SEA dynamically downscaled data (HIST), c) the BC data; and the difference between 

d) the HIST, e) the BC and OBS; Root Mean Square Error between f) the HIST, g) the BC and OBS over the 

training period 1988–2000 (left,1) and the independent period 2001–2005 (right, 2). 

Fig. 3 illustrates the 95th percentiles (q95), 99th percentiles (q99) and coefficient of variation (CV) of 

three datasets during 1988–2000 and 2001–2005. Overall, we can confirm the high similarities between 

the BC and OBS. The mean q95 of the HIST is 9.3 m/s, while those of OBS and the BC are 5.33 m/s 

and 5.46 m/s over the independent period, respectively. The mean q99 value obtained from the HIST 

(11.19 m/s) is almost double that obtained from OBS (5.76 m/s) and the BC (6.5 m/s). The spatial 

distribution of the BC’s CV is quite similar to that of OBS. In addition, the mean CV also shows the 

similarity of the BC (mean CV 45.97 %) and OBS (mean CV 46.18 %) while the HIST’s mean CV is 
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50.65 % in Fig. 3(g1-i1). Fig. 2 and Fig. 3 also show the largest discrepancy between OBS and HIST 

in the northern area.  

 

Figure 3.  (a1–c1, a2–c2) 95th percentiles, (d1–f1, d2–f2) 99th percentiles and (g1–i1, g2–i2) coefficient 

of variation of the BC, OBS, and HIST over the training period 1988–2000 (left, 1) and the independent 

period 2001–2005 (right, 2) 

To illustrate how the QMWD method modifies the data probability distribution, Fig. 4(a–e) compares 

the wind speed distribution of the three datasets over the periods 1988–2000 and 2001–2005 at five 

points offshore of Vietnam (Fig. 4f).  Vietnam has a long coastline, so the five points selected are also 

five islands near the shore which are also evenly spaced along the coastline. The study used the 

Kolmogorov-Smirnov (KS) method to test the adequacy of the Weibull distribution function. Fig. 4(g–

k) show Weibull distribution and Kolmogorov-Smirnov’s p–value for BC data over independent period. 

The p-value obtained from the KS test greater than 0.05 shows a high similarity between the data and 

the distribution function. Combining KS p–values at 5 selected points (>0.05) with the histograms, it 

can be seen that the Weibull function used in the study is completely suitable. The HIST distribution 

differs significantly from that of the reference data. The HIST distributions for all five points are flatter 

and more concentrated at higher wind speed values than OBS. After applying the QMWD method, the 
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probability distributions of the BC data almost coincide with the OBS distribution for the training period. 

The BC distribution is also primarily improved compared to the HIST one over the independent period 

2001–2005. However, slight differences in phase and amplitude with OBS are noticed (e.g. at point 4). 

 

Figure 4. Wind speed probability distribution of the OBS, HIST and BC datasets at 5 selected points for 

the training period 1988–2000 and the independent period 2001–2005.  

The results shown above indicate that the application of the QMWD method has significantly improved 

the model surface wind field. To maximize the construction period for having a better transfer function 

[37,38], the entire test period 1988–2005 is used to infer new transfer functions applied to the future 

wind data at each grid point. Next, the BC future surface wind is extrapolated to the turbine hub height 

following Equation (4) and analyzed below.   
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3.2 Future changes in wind speed 

Fig. 5 shows the wind speed changes at the turbine hub height between the mid- and far-future periods 

under two scenarios, RCP4.5 and RCP8.5, with the reference period 1988–2005. Overall, wind speed 

is projected to slightly decrease in the future except in the southern offshore area. This agrees with the 

study of Herrmann et al. [16] where the weakening of projected surface wind speed was shown to be 

due to the increase of mean meridional south to north sea level pressure gradient over the Southeast 

Asian oceanic region. The reduction of offshore wind speed is more pronounced in the south central 

offshore areas. Especially, the offshore areas of Ninh Thuan and Binh Thuan provinces (around point 

4 in Fig. 4f with coordinates of 12ºN, 109ºE) are the regions with the largest decrease (about 4–7%) in 

future wind speed in Vietnam. However, it is worth mentioning that Ninh Thuan and Binh Thuan 

offshore areas are still the regions with the highest annual average wind speed in the reference period 

(Fig.5a) and the future (not shown). In the north of Vietnam, the Gulf of Tonkin remains the region 

with the highest future annual wind speed. Future offshore wind speed in northern Vietnam is projected 

to decrease by about 2–3%. 

In contrast, future wind speed in the southern offshore area is projected to increase. The offshore area 

of Vietnam with a latitude less than 10.9ºN is forecast to increase wind speed in the future with the 

range of 0–5m/s and 0–9 m/s under RCP4.5 and RCP8.5, respectively. The magnitude of 

increase/decrease trends in offshore wind speed is more enhanced in the far-future period than in the 

mid-future and more under RCP8.5 than under RCP4.5.  
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Figure 5. BC wind speed at the turbine hub height for the reference period 1988–2005 (left) and changes 

between the mid-future period 2046–2065 and the far-future period 2080–2099 compared to the 

reference period under RCP4.5 (right, upper figures) and RCP8.5 (right, lower figures). 

 

Fig. 6 shows seasonal wind speed at the turbine's hub height over the training period 1988–2005 and 

the difference of seasonal wind speed between the period 2080 – 2099 under the scenario RCP8.5 and 

the training period. The four seasons in Fig. 6 are the months from December to February (DJF), from 

March to May (MAM), from June to August (JJA), and from September to November (SON). As 

Vietnam is located in the tropical monsoon region, wind speed thus has apparent seasonal variations. 

In offshore Vietnam, DJF is the season with the highest average wind speed. Wind speed at the turbine 

hub height can reach about 12 m/s in the offshore area of the south-central coast. 

Meanwhile, the north and north-central coast areas have an average DJF wind speed of only about 4–6 

m/s, which is much lower than other areas. The northern and southern areas have the lowest wind speed 

in MAM and JJA, respectively. Under RCP8.5 (Fig. 6, right), SON wind speed is projected to decrease 

by 2–10% over the whole Vietnam Sea. The reduction of offshore wind speed in both the central and 

northern seas and an increase in the south occur from June to August. Future offshore wind speed in the 

southern and north seas is projected to increase in DJF and MAM. 
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 Figure 6. Seasonal wind speed average at the hub height of the test period and difference with period 

2080–2099 of scenario RCP8.5. 

3.3 Estimation of wind energy density 

Choosing the correct type of turbine is also very important for a wind power project. Fig. 7 displays the 

annual offshore wind energy estimated based on the reference HX12 turbine (Fig. 7a), the energy 

difference between the VS8 and HX12 turbines (Fig. 7b) and the annual energy obtained with the two 

turbines types at five points identified in Fig.4f (Fig.7c). These values are computed for the far-future 

period 2080–2099 under the scenarios RCP4.5 and RCP8.5. Typically, more giant turbines (i.e. 

HX12M) generate more electricity. Overall, we can see that the south-central and southern seas have 

much greater wind energy than the northern regions (Fig. 7a). The difference in obtained wind energy 

from the two types of turbines is proportional to the wind speed in that area. Accordingly, wind energy 

at point 4 is the largest among the five selected points, at which energy obtained from the HX12 and 

VS8 turbines under the scenario RCP8.5 are 44.2 GWh and 26.7 GWh, respectively (Fig. 7c). At points 

1, 3, and 5, the wind energy obtained under scenario RCP4.5 is higher than scenario RCP8.5. Over the 

whole domain, the cumulative annual wind energy for the HX12 and VS8 turbines can reach 50.9 GWh 

and 30.7 GWh in 2080–2099 under the scenario RCP8.5, respectively. 
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Figure 7. (a1, a2) Annual wind energy density by HX12, (b1, b2) difference wind energy between VS8 and 

HX12, and (c1, c2) annual wind energy production at five locations identified in Fig.4f. The values are 

computed for the period 2080–2099 under the scenarios RCP4.5 and RCP8.5. 

3.4 Capacity factor 

The annual capacity factor of the HX12 turbine for the period 2080–2099 under the scenarios RCP4.5 

and RCP8.5 is shown in Fig. 8(a). The annual capacity factor of the HX12 turbine can reach about 45% 

in the south-central and southern seas. In the offshore areas of the north and north-central coast, the 

difference in the capacity factor of the two types of turbines is only about 2% (Fig. 8b). Such a slight 

difference suggests that an 8MW turbine should be considered when estimating the cost-effectiveness 

of a wind power project in these areas. The annual capacity factor obtained from HX12 and VS8 is the 

largest at point 4 among the five selected points, at which the capacity factor obtained from HX12 and 

VS8 under the scenarios RCP4.5 and RCP8.5 are (40.6%, 36.7%) and (42%, 38%), respectively (Fig. 

8c).  
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Figure 8.  As in Figure 7, but for capacity factor instead of wind energy. 

Fig. 9 displays the seasonal capacity factor of the HX12 turbine for the far-future periods of 2080–2099. 

Overall, the capacity factor of the turbine is slightly different in the two periods. The capacity factor in 

the southern offshore area of Vietnam is much higher than that in the north. The offshore areas of Ninh 

Thuan and Binh Thuan provinces have the largest capacity factor, which is projected to reach more than 

80% in the DJF months of 2080–2099 under two scenarios. During JJA, the turbine in these areas 

operates with the lowest capacity factor with a maximum value of only about 20%. This period of the 

year is thus recommended for wind turbine maintenance. 
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Figure 9. Seasonal capacity factor of HX12 under the scenario RCP4.5 (left, 1) and under RCP8.5 (right, 2) 

for the far-future period 2080–2099. 

 

4. Conclusion 

This study assesses the global-warming-associated offshore wind resource changes in Vietnam up to 

the middle (2046–2065) and the end of this century (2080–2099) under two greenhouse gases scenarios, 

RCP4.5 and RCP8.5. Dynamical downscaling data with the state-of-the-art fine-scale regional climate 

model is used to investigate the primary impacts of global warming on wind power potential. For the 

sake of reliability, modelled data has been bias-corrected using the QMWD method. The obtained 

results are summarized as below: 

● Wind speed in most offshore regions of Vietnam is projected to slightly decrease in the future, 

with pronounced decreases in the south central areas such as Ninh Thuan and Binh Thuan 

provinces. It is worth mentioning that these offshore areas are also the areas with the highest 

projected annual average wind speed. SON wind speed is projected to decrease between 2 and 

10% over the whole Vietnam Sea. The largest changes occur in JJA with a reduction of offshore 

wind speed in both the central and northern seas and an increase in the south. Future offshore 

wind speed in the southern and north seas is projected to increase in DJF and MAM.  
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● Wind energy production in the future is estimated based on actual wind turbine parameters. In 

particular, the study investigated the difference between Haliade-X 12MW and MHI Vestas 

V164 8MW turbines, which provided information for the choice of turbines for wind farms. 

Wind energy obtained from the two types of turbines installed in an area is proportional to the 

average wind speed in that area. The cumulative annual wind energy for the HX12 and VS8 

turbines can reach 50.9 GWh and 30.7 GWh in 2080–2099 under the scenario RCP8.5, 

respectively. In the future, the capacity factor, i.e. the efficiency of wind turbines, can reach 

about 40–50% for the annual average and more than 80% for the DJF months in the south-

central region. The lowest capacity factor of less than 20% is obtained in JJA, suggesting that 

JJA could be a reasonable period for wind turbine maintenance.  

● The choice of turbines affects many aspects of a wind power project, such as maintenance, grid 

stability, and effective energy production. As the difference in capacity factor of the two types 

of turbines is small (about 2%) in the offshore areas of the north and north-central coast, 8MW 

turbines could be considered when estimating the cost-effectiveness of a wind power project in 

the regions. 
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