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A B S T R A C T   

Wind energy has gradually become one of the most efficient and reliable forms of sustainable energy, and it is 
being globally utilized to accelerate the expansion of green power production. However, recent projections of 
onshore & offshore wind energy systems indicate that further improvements are continuously required in terms 
of the deployments, capacity factors, costs, etc. to achieve an optimal wind power generation. According to these 
projections, the most critical current issue is the offshore systems’ high levelized cost of energy, which demands 
the enhancements of the technologies to ensure the cost reduction in the future. Moreover, a number of reports 
are underscoring that offshore power systems can also leave a larger carbon footprints through their life-cycles 
compared to the onshore counterpart. On the other hand, the modelling methods of the power plants’ life-cycle 
impact assessment (LCIA) have nowadays become among the most compelling research problems in the field of 
wind power systems engineering. In addition to comparatively assessing the characteristics of onshore & offshore 
energy systems based on some reports & studies, this work is therefore aimed at rigorously exploring the existing 
study practices in modelling the wind power plants’ LCIA. A number of these practices were based on the 
implementation of various conventional modelling methods that may not help to make accurate assessments of 
the wind power plants’ life-cycle impacts. Hence, one of the main contributions of this study is to summarize a 
novel LCIA modelling approach based on Internet of Things (IoT) and predictive digital twin technologies. Unlike 
the conventional methods, real-time data extraction from the power plants makes these technologies possible to 
conduct the most accurate assessments of the life-cycle impacts.   

1. Introduction 

The global electricity has recently seen an enormous increase in 
power generation from renewable energy sources, particularly wind 
resources. Meanwhile, this growth does not seem to be sufficient in 
helping to meet the global emissions targets as set by the United Nations 
Convention on Climate Change (UNCCC). For instance, 2020 was the 
year in the history of the global wind industry at which the installation 
of exceedingly larger new wind power capacity (more than 110 GW) was 
added in helping to achieve the cumulative capacity of more than 732 
GW from where it was close to 622 GW at 2019 and 564 GW at 2018, 
according to reports by International Renewable Energy Agency 
(IRENA) (IRENA (2019), Future of Wind: Deployment, Investment, 

Technology, Grid Integration and Socio-Economic Aspects (A Global Energy 
Transformation Paper), International Renewable Energy Agency, Abu 
Dhabi., n.d.). These historical figures of wind power installation indicate 
that there was around 90% year-on-year increase, but very rapid rates of 
year-on-year rises should be achieved in the subsequent years in order to 
realize the world reaches net zero emissions by 2050, where the wind 
power global cumulative capacity has been projected to reach 6044 GW 
after it would reach 2015 GW by 2030 (IRENA (2019), Future of Wind: 
Deployment, Investment, Technology, Grid Integration and Socio-Economic 
Aspects (A Global Energy Transformation Paper), International Renewable 
Energy Agency, Abu Dhabi., n.d.). On the other hand, the most recent 
report by (Global Wind Report, 2023 - Global Wind Energy Council, n.d.) 
has unveiled that cumulative installations of wind energy technologies 
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were being observed to grow with declining rates; yet the world needs to 
be generally maximizing renewable power production with a highly 
increasing rate over the next few decades in order to stay on a net-zero 
route and counteract the worst impacts of climate change (Salah et al., 
2022). 

With the advancements in wind energy conversion technologies, the 
global wind power market has virtually quadrupled in size over the past 
decade and wind energy is proved to be one of the most cost-effective 
and robust power sources across the world (Desalegn et al., 2023). 
Yet, as the green energy technologies with remarkable de-carbonization 
potential per MW, the wind energy reports indicate that the current rate 
of wind power installation will not be adequate enough to realize carbon 
neutrality by the end of half of this century (Global Wind Report, 2021, 
n.d.). Consequently, immediate and broad attention should be given by 
policymakers, researchers, and wind power technologies developers 
now in ensuring to increase wind power generation over the next years 
with the required pace (Siram et al., 2022). Indeed, wind power devel
opment holds broad economic and environmental benefits, and carries a 
huge potential for the future due to the substantial amount of wind 
energy that still remains unharnessed (Adeyeye et al., 2020). Even 
though wind energy recently contributes to only about 6% of global 
electricity production (Irfan et al., 2019), the energy that can be 
extracted from onshore and offshore wind resources is more than 35% as 
abundant as the demand of the entire world population (Tong, 2010). 
On the other hand, onshore wind power generation could be compro
mised by factors such as land use, visual impact of facilities on land, 
limitations on onshore power technologies, etc. (Konstantinidis and 
Botsaris, 2016); whereas regardless of its own conspicuous limitations, 
the offshore wind energy may be utilized by counteracting the disad
vantages that could be encountered in developing onshore wind energy 
(Desalegn et al., 2022). 

Wind velocity is higher and more dependable at offshore locations 
than onshore ones. More importantly, offshore wind energy is known to 
be characterized by higher power density, and superior capacity factor 
compared to onshore wind energy (Díaz-Motta et al., 2023). Meanwhile, 
offshore power installations have shown promising growths over the 
past few years; and more significant progresses in offshore wind tech
nology are expected to be subsequently made with enhancements of 
research models and engineering designs (Shields et al., 2022). In 
operational characteristics, offshore wind power plant is also proven to 
show outstanding electricity producing capability in comparison to the 
onshore counterpart (Prieto-Araujo and Gomis-Bellmunt, 2016). On the 
other hand, one of the main challenging drawbacks that is associated 
with offshore wind power plants includes: its high levelized cost of en
ergy (LCOE), which would primarily arise from the plants’ configuration 
complexity (Shields et al., 2021). In this regard, future projections-based 
recent report by (IRENA-International Renewable Energy Agency, 
2023), and further studies including (Ng and Ran, 2016) indicated that 
the LCOE for offshore systems may be reasonably falling as further 
future advancements could possibly take place in offshore wind-based 
research studies and technologies. 

Furthermore, a number of research studies including (Kaldellis and 
Apostolou, 2017) generally demonstrated that offshore wind power 
systems have a relatively higher carbon footprint compared to onshore 
systems. Even though carbon footprints by wind power systems are 
generally considered to be insignificant compared with emissions by the 
conventional power systems, and even believed to be lower than the 
carbon footprints that could be left by solar power systems (Doerffer 
et al., 2021); it is still very important to pursue robust modeling tech
niques in making the most accurate and objective evaluations of their 
impacts (Tetteh et al., 2021), and the findings may eventually be utilized 
to enhance the operational characteristics of the wind power plants as 
required (Yuan et al., 2023). 

On the other hand, numerous existing research practices commonly 
relied on some traditional modeling methods for studying the wind 
power plants’ life-cycle assessments, which include the estimations of 

different emissions resulting from the power plants’ carbon footprints. 
One of these methods would implement manual calculations depending 
on the process-based and life-cycle assessment baselines, which were 
provided by International Life Cycle Data (ILCD) handbook (European 
Commission. Joint Research Centre. Institute for Environment and 
Sustainability., 2010), Intergovernmental Panel on Climate Change 
(IPCC) guidelines (Navarro (mexico et al., 2014), and also which include 
historical data that could be collected from different sources. Another 
traditional method would rely on different software solutions that 
include Simapro (Goedkoop et al., 2013), Ecoinvent (Weidema B P et al., 
2013), GaBi (Dr. Martin Baitz et al., 2012; CML 2001 in (Ling-Chin and 
Roskilly, 2016), IMPACT 2002+ (Jolliet et al., 2003), etc., and which 
were being built based on ILDC & IPCC databases with an objective of 
enhancing the assessments of life-cycle impacts through determining the 
levels of carbon emissions, energy consumptions, and the times required 
to remove emissions and compensate the consumed energy. However, 
these methodologies may not be efficient and effective in helping to 
produce more accurate and acceptable results of life-cycle impact as
sessments for wind power plants due to several factors. First, life-cycle 
assessment baselines (ILCD and IPCC) and supporting software tools 
were originally developed for a general purpose application in power 
systems of different operational dynamics (Wimbadi and Djalante, 
2020); and therefore, employing these traditional methods for modeling 
and evaluation of wind power systems’ life-cycle impacts may not be 
methodically sounding as the dynamics of wind power systems are 
entirely different from other power systems, such as the conventional 
power technologies (Z. Chen, 2013). Hence, as most of the existing 
modeling methods that are associated with wind turbines’ life cycle 
impacts evaluations are based on average historical data that would be 
adopted from various industries and ILDC & IPCC manuals, the findings 
of the life cycle impacts assessments may not be fully credible by 
employing these methods (Adekanbi, 2021). 

One of the objectives of this review paper is to identify the advanced 
life-cycle modelling techniques that consider the inclusion of real-time 
and dynamic data in order to achieve the robust life-cycle impacts as
sessments for wind power plants. Accordingly, the advantages of the 
advanced methods, such as Internet of Things (IoT), predictive digital 
twin and machine learning models, are discussed against the conven
tional methods by briefly overviewing the most recent developments as 
follows. First, the application of IoT technology (Alhmoud and Al-Zoubi, 
2019) in the assessments of the wind power plants’ life-cycle impacts 
can be seen in terms of automating the process of data collection in order 
that information from different sources be integrated and processed. 
Unlike the conventional methods, real-time data extraction from the 
power plants makes IoT possible to conduct accurate assessments of the 
life-cycle impacts by simultaneously taking into account multiple factors 
(Adekanbi, 2021). This technology can also be integrated with machine 
learning, and artificial intelligence technologies for ensuring more 
efficient, and reliable modeling of life-cycle assessments, this could ul
timately result in generally smarter power systems with mitigated 
life-cycle impacts (Rebouças Filho et al., 2019). Moreover, predictive 
digital twin is another advanced technology that was introduced as an 
option to replace the conventional methods for ensuring robust assess
ments of the power plants’ life-cycle impacts, it is the virtual represen
tation of real-time data involved in the entire wind power plants’ 
life-cycles (Haghshenas et al., 2023). Through real-time monitoring 
data, high performance simulation accuracy and robust simulation 
prediction, predictive digital twin can realize the digital description and 
smart application service of the power plants’ whole life-cycle from 
concept, design, manufacturing, operation, maintenance to scrapping 
(Zhong et al., 2023). 

Through a review of the recent developments, the most important 
contribution of this study is, therefore, to suggest a novel approach to 
the life-cycle impact assessment modeling based on the IoT and digital 
twin technologies, which can be utilized to effectively address the lim
itations resulting from applying the traditional modeling methods. In 
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fact, IoT and digital twins work together in optimizing the wind power 
systems operation. IoT technology connects wind power plants’ sensors 
to the internet and ultimately powers digital twins with real-time data of 
wind power systems operation. Moreover, some of the most significant 
advantages of IoT-enabled wind power systems include: enhanced 
power production efficiency, predictive maintenance, remote moni
toring, improved safety and integration with grid systems. These allow 
wind power operators to attain optimal performance by maximizing 
power output, contribute to improved overall power operation by 
reducing maintenance costs and downtimes of the turbines’ key com
ponents, save time and resources, alleviate possible system failures as a 
result of harsh weather conditions, etc. through continuous gathering 
and analysis of wind turbines’ real-time data. More importantly, with 
maximization of power production and minimization of turbines oper
ational downtimes, the application of IoT in wind power industry can 
significantly contribute to a greener power generation by mitigating 
emissions due to the turbines’ carbon footprints, and ultimately mini
mizing dependence on conventional energy sources. 

The remainder of this study comprehensively presents on various 
issues of onshore & offshore wind energy systems, and its structure is 
organized as follows. This includes section 2, under which comparative 
assessments are conducted based on the nature of the power systems’ 
technological trends, sites’ wind characteristics, power deployment 
statuses, power plants’ capacity factors, and levelized costs of energy. 
Moreover, the discussions pertaining to the levels of the power plants’ 
life-cycle greenhouse gas emissions; and the recent advances in 
modeling techniques of the power plants’ life-cycle impacts assessments 
are respectively presented under section 3, and section 4. In the end, 
section 5 summarizes the study by indicating future prospects of tran
sition to more enhanced wind power production. 

2. Onshore versus offshore wind energy development 

Based on the geographical locations, wind resources across the world 
can be generally classified into two categories: one that arises from an 
onshore part of the earth while another arises from an offshore location. 
Consequently, wind energy harvesting may rely on onshore and offshore 
wind farm industries. A greater deal of wind energy has been harvested 
with onshore wind farm industries for several decades, and it is a well- 
matured alternative for maximizing wind power generation. On the 
other hand, offshore wind energy harvesting is presently receiving 
increasing recognition due to its robust and reliable wind speeds, 
inappreciable harm to the surrounding environment, limited constraints 
on sizes of wind energy conversion systems, etc. In comparison to 
onshore wind energy conversion technologies, offshore wind energy 
conversion technologies should be built on the ground under the sea, 
which seriously necessitates an additionally robust bearing structure. 
Nonconventional cables are required for the transmission of electric 
power, and exceptional vessels and equipment are needed for installa
tion and maintenance activities. These issues bring high costs to offshore 
wind power generation, which is considerable compared to the cost 
associated with onshore wind power deployment. 

Offshore wind energy harvesting has a number of unique advantages 
as well. Offshore wind energy conversion systems are less noticeable 
than onshore systems because the actual size and noise of offshore sys
tems can be diminished or eliminated by the outlying location of the sea. 
Moreover, the process of deploying of offshore wind energy conversion 
systems may be remarkably smooth compared to that of onshore wind 
energy technologies. Onshore wind energy harvesting may cause several 
challenges such as the unsuitability of transporting outsized systems 
components and public protests because of different issues associated 
with site selections, which include health impacts (noise and visual 
impacts) and conflict of interest over land resource use. Hence, these 
challenges can put restrictions on a number of potential areas for 
onshore wind energy development. Offshore wind energy development 
promotes advanced technologies to the wind energy industry in several 

aspects: with regard to the construction of the wind energy conversion 
systems and their network with the electricity grid, with regard to the 
logistics for transportation, installation, operation, and maintenance; 
and this brings about increasing interest in the advanced integration of 
research domains (Fernández-Guillamón et al., 2019). Furthermore, the 
pros and cons of onshore and offshore wind energies are illustrated and 
compared in Table 1. 

2.1. Onshore and offshore wind characteristics, and wind energy potential 
assessment methods 

Onshore and offshore wind resources are characterized by several 
variables that can positively or negatively affect the efficiency of the 
respective wind energy that is to be harnessed for the generation or 
maximization of electric power. For instance, the magnitude of average 
wind speed and wind power density at each hour of the day or at each 
day of the month or at each month of the year are directly associated 
with the ranges of wind energy distributions across the onshore or 
offshore areas. Wind speed is caused by the movement of air that is 
resulted from air pressure differences, which are a result of temperature 
variations in air molecules. Consequently, the wind speeds at onshore 
and offshore locations may largely differ as there can be substantial 
temperature differences across these two different points. In addition, 
wind speeds can be measured at different heights and the measurements 
vary from low heights to high heights. Likewise, wind power density is 
also an important quantity that can be measured to determine the 
quality of wind energy. The measurements of wind power densities can 

Table 1 
Utilization of onshore versus offshore wind energy: Technological opportunities 
and challenges (Adedipe et al., 2018; Gao et al., 2021; Hevia-Koch and Klinge 
Jacobsen, 2019; Manwell, 2012).  

Classification Opportunities Challenges 

Onshore wind 
energy  

☑ Offering reduced 
installation costs. 
Investment compensation 
may be as rapid as two 
years.  

☑ Energy harvested can be 
delivered to the grid system 
with minimum effort.  

☑ Large professionals would 
specialize in onshore wind 
energy installation.  

☑ Remarkable reduction in 
the maintenance cost, and 
reduced complexity of 
installation process 
compared to its offshore 
counterpart.  

☒ Onshore wind power 
industries demand a more 
rigorous prediction of wind 
conditions and speeds 
compared to offshore wind 
energy industries in order to 
harvest power with 
maximum efficiency and 
stability.  

☒ Limitations in using 
potential sites due to high 
land costs and possible 
urban expansions.  

☒ Inhabitants’ grievance due 
to visual and noise impacts 
produced by onshore wind 
energy industries in the 
vicinity of residential areas. 

Offshore wind 
energy  

☑ Accessibility of vast sites, 
opted for multi mega-scale 
wind power generation.  

☑ Threats as the results of 
visual and noise impacts 
are no longer issues.  

☑ Robust wind speeds, which 
usually become stronger as 
the gap between the water 
body and shore increases.  

☑ Reduced turbulence, which 
ensures the wind energy 
conversion systems to 
capture the energy more 
reliably and minimizes the 
fatigue loads on the 
systems.  

☑ Weak wind-shear, thus 
creating convenience to 
employ shorter towers.  

☒ Exceeding cost of marine 
foundations.  

☒ Addition of high cost to 
integrate into the grid 
systems due to increasing 
distances between offshore 
wind farms and onshore 
power loading centers.  

☒ Substantial cost and time 
are needed during 
installation of wind farm 
infrastructures as the 
installation process may be 
interrupted due to the harsh 
offshore weather 
conditions.  

☒ Restricted access for 
supervisions and 
maintenance during 
operation.  
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be taken at different heights across onshore and offshore areas to assess 
its qualities for installations of wind farms. Similar to wind speeds, the 
scales of wind power densities also rely on locations (onshore and 
offshore) where the measurements are taken, and show variations 
depending on altitudes at which measurements are set to be imple
mented. In the discussions to follow under this section, average wind 
speed and wind power density variations across onshore and offshore 
locations are analyzed based on the measured data acquired from the 
previous research work. Brief summaries on the modeling concepts and 
methods of wind energy potential assessments are also finally provided 
based on the most recent literatures. 

The onshore and offshore monthly-based average wind speed mea
surements that are adopted here for the purpose of discussion corre
spond to the selected heights that include 10m, 40m, and 80m. In the 
practical application, the measured wind speeds can be extrapolated to 
estimate further ranges of wind speeds for numerous heights under the 
condition when the wind speed measurements are conducted by 
consideration of limited options of heights. In this sense, various tech
niques can be employed for extrapolation of average wind speed but 
power law was claimed to be suitable and efficient in (Gul et al., 2019). 
Moreover, Fig. 1 (Li et al., 2020) illustrates the variations of average 
wind speeds based on monthly measurements for varying heights across 
onshore and offshore locations. Just as it can be clearly visible, the 
measured values of average wind speeds generally get high as the 
heights go up across both onshore and offshore locations. However, the 
average wind speed across onshore location varies at a narrower range 
compared to that of offshore average wind speed, which shows variation 

at a substantially high scale. For example, from Fig. 1 (a) (Li et al., 
2020), the measurement of onshore average wind speed on monthly 
basis shows increments from around 2.22 m/s to about 3.90 m/s across a 
height of 10 m, and then, shows variation from around 6.64 m/s to about 
10.05 m/s across the height of 80 m. 

Again, as it can be seen from Fig. 1 (a), the onshore average wind 
speed measurement additionally indicates that all peak values (at 
heights of 10 m, 40 m, and 80 m) correspond to August. On the other 
hand, across the offshore location (based on (Li et al., 2020) study 
platform), the variation of offshore average wind speed on monthly basis 
is measured to represent broad ranges from a height of 10 m to a height 
of 80 m. For example, from Fig. 1 (b) (Li et al., 2020), the low and peak 
measurements for monthly-based average wind speed are about 4.15 
m/s, 10.28 m/s across the height of 10 m and about 6.03 m/s, 13.66 m/s 
across the height of 80 m. As it can be evident from Fig. 1 (b) again, 
offshore location sees the highest average wind speed at the month of 
November. 

The study of wind power density helps to estimate the capacity of 
wind power to be generated at certain locations and facilitate the 
development of ideal wind energy harvesting technologies. Hence, wind 
power density provides firsthand information about the quality of 
available energy across onshore and offshore locations, which can be 
harnessed to generate electricity with the applications of enhanced wind 
energy harvesting technologies. Two methods can be used to estimate 
wind power density. One of the most accurate method is based on the 
measurement of average/mean wind speed data. Another optional 
method is to use a suitable distribution function for computing wind 
power density. Among others, Weibull distribution function in (Aslam, 
2021) was reported to have outperforming qualities, such as simplicity, 
flexibility, adaptability, and high capability in analyzing wind data. As a 
quantitative information, Fig. 2 (Li et al., 2020) depicts wind energy 
distributions across onshore and offshore locations. As it can be seen 
from [Fig. 2] (a) and (b), power densities for both onshore and offshore 
locations are illustrated at heights of 40 m, 50 m, and 70 m across the 
months, but the offshore location is identified to be covered with 
stronger wind speed distribution compared to onshore location. In Fig. 1 
(a) (Li et al., 2020), power density across onshore location rises from 
77.29 W/m2 (in June) to 355.60 W/m2 (in August) at the height of 40 m, 
whereas in Fig. 1 (b) (Li et al., 2020), power density across offshore 
location at the same height (40 m) rises from 197.22 W/m2 (in May) to 
1370.11 W/m2 (in November). Similarly, at the heights of 50 m and 70 
m, offshore wind power density is appeared to be more robust compared 
with onshore wind power density, which increases from 116.29 W/m2 to 
524.29 W/m2 at a height of 50 m and 209.13 W/m2 to 917.53 W/m2 at 
height of 70 m across onshore location; and 219.67 W/m2 to 1521.55 
W/m2 at height of 50 m and 221.39 W/m2 to 1564.90 W/m2 across the 
offshore location. 

In general, wind energy potential can be affected by multiple envi
ronmental factors including the location of wind resource measurement, 
wind speed (m /s) at height of wind turbine hub, turbulence intensity 
(the ratio of standard deviation of fluctuating wind velocity to mean 
wind speed), air power density (kg /m3) where the turbine system is 
located, wind direction (00 − 3600), and wind sheer (m /s) or changes in 
wind direction and speed under wind turbine hub (Pang et al., 2021). 
Compared to onshore energy, offshore wind energy potential is less 
affected by these factors as pointed out in (Lins et al., 2023). On the 
other hand, numerous existing studies proposed various modelling 
methods that mainly be based on the wind speed and its direction in 
order to assess the wind energy potential at different sites. Even an 
insignificant increase in wind speed results in a significant wind energy 
yield as wind energy is directly proportional to the cube of wind speed, 
and hence, wind speed is the most important factor that largely affect 
wind power. But wind speed frequently fluctuates with the air temper
ature variation over a time period in different onshore-offshore locations 
and seasonal conditions. In this instance, wind speed can be taken as a Fig. 1. Comparison of onshore and offshore mean wind speeds at 10m, 40m 

and 80m heights (Li et al., 2020). 
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random parameter and a probability density function can be used to 
describe it. Consequently, the wind speed’s probability density function 
can serve as a fundamental basis in order to evaluate the potential of 
wind energy and stochastic characteristics of wind (Z. Wang and Liu, 
2021). If the wind speed’s frequency distribution is comprehensively 
illustrated by an estimation of probability density function, the evalu
ations of the wind power density and wind turbines’ wind power output 
can be eventually made, which can be used for making a rational deci
sion regarding a feasibility of installing a wind farm in a selected loca
tion, and it can also help to minimize the wind power output estimation 
related uncertainties and errors (H. Chen et al., 2021). In addition, the 
accurate estimation of probability density function can also help for a 
selection an ideal wind energy conversion system and an evaluation of a 
generation system reliability. Hence, the wind energy potential predic
tion and an ideal power system selection can be favorably made through 
accurate evaluation of wind speed’s probability density function (Hu 
et al., 2016). 

Wind characteristics can be described by various groups of para
metric and nonparametric models, where single and mixture distribu
tion models are taken to be the types of parametric models. Gamma, 
Raleigh, Inverse Gaussian distribution, lognormal and Weibull distri
bution models (Aries et al., 2018; Pishgar-Komleh et al., 2015) represent 
among the most widely used single distribution models at present. 
Among these models, the two parameter Weibull distribution model is 
largely considered to be a robust and as a result of its simplicity this 
model is taken to be the best candidate for application in the field of 
wind industry for wind energy potential estimation. However, in 

particular cases where the probability of null wind speed or the wind 
speed lower than 2 m/s is remarkable, the performance of the two 
parameter Weibull distribution is compromised for a high frequency of 
null wind speed. When the percentage of null wind speed is higher, the 
three parameter Weibull distribution produces a favorable result of 
energy estimation (Wais, 2017). Electricity generation by a wind turbine 
system can only be realized under a condition when wind speed dwarfs 
the cut-in speed. Researchers in (Deep et al., 2020) underscored that a 
three parameter Weibull distribution should be employed in modeling 
wind speed data between the cut-in and cut-out speeds, and the location 
parameter is able to be coincident with the cut-in wind speed. 

Wind energy potential is also mainly affected by wind direction 
when assessing the characteristics of wind at a particular location. A 
study in (Gugliani et al., 2018) insisted that it is pointless to assess wind 
energy potential at a certain area without including wind direction 
analysis in an assessment. A further discussion presented in (Han and 
Chu, 2021) also underlined that wind resource availability changes with 
the direction of wind, particularly in the sites of low-speed and complex 
landscape. For modeling wind direction data, the mixture model of von 
Mises distribution was extensively suggested (Masseran et al., 2013). In 
addition to the von Mises distribution, the circular statistical distribu
tions that include the uniform distribution, wrapped-normal distribution 
and so forth are additionally preferable for modeling of wind direction 
analysis. A mixture of von Mises distributions offered an adaptable 
model for wind direction studies that have a number of modes as indi
cated by research findings in (Carta et al., 2008). However, wind di
rection statistical modeling is more difficult and complex in comparison 
to modeling of wind speed. Yet, both wind speed and wind direction are 
dependent random variables, wind speed is characterized by a direction 
and information about wind speed in wind energy potential analysis can 
be complemented by wind direction (Zou et al., 2020). Accordingly, 
several bivariate distribution models-based joint distribution models of 
wind speed and direction have been introduced by many researchers 
including (Huang et al., 2023) in their efforts to describe wind speed and 
direction simultaneously. 

2.2. Recent trends of onshore and offshore wind power generation 

As it can be seen from Table 2, both onshore and offshore wind power 
installation trends generally represent explosive growths with varying 
rates. The growth figures of offshore installation indicate promising 
improvements in consecutive years with fast increasing rates, and its 
share in electricity generation is apparently getting noticeable across the 
years. However, at the current moment, onshore wind energy occupies a 
dominant cumulative share (about 95%) in contributing to globally 
installed electricity. Yet again, in years of the approaching future 
(2030–2050), offshore wind energy is projected to be developed with 
the addition of significant power capacities to attain a cumulative ca
pacity of 228 GW by 2030 and 1000 GW by 2050 from the recent cu
mulative capacity of 55.678 GW according to report by IRENA2019 
(IRENA (2019), Future of Wind: Deployment, Investment, Technology, Grid 
Integration and Socio-Economic Aspects (A Global Energy Transformation 
Paper), International Renewable Energy Agency, Abu Dhabi., n.d.). In other 
words, these projections will generally serve in contributing to the 
broader green future in an indispensable way if it could be achieved. 
Similarly, the projections of onshore wind energy developments indi
cating a cumulative capacity of 1787 GW by 2030 and 5044 GW by 2050 
represent remarkable steps towards a full electric power transition, 
IRENA2019 (IRENA (2019), Future of Wind: Deployment, Investment, 
Technology, Grid Integration and Socio-Economic Aspects (A Global Energy 
Transformation Paper), International Renewable Energy Agency, Abu 
Dhabi., n.d.). 

According to IRENA2021 reports (IRENA (2021), Renewable Energy 
Statistics, 2021 The International Renewable Energy Agency, Abu Dhabi., n. 
d.), cumulative wind power (onshore + offshore) installation was 
increased with rate of about 90.5% in 2020 compared to the progress 

Fig. 2. Comparison of onshore and offshore wind power densities at height of 
40m, 50m and 70m (Li et al., 2020). 
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made in 2019. Yet, another report by Global Wind Energy Council 
(GWEC 2021) (Global Wind Report 2021, n.d.) estimated it to be around 
56 %. Some differences between the two reports were observed partic
ularly in terms of onshore historical installation data (2011–2022), and 
this could be as the result that the reports might be independently 
conducted at different seasons in years. On the other hand, quite 
recently, IRENA and GWEC (GWEC.NET Associate Sponsors Supporting 
Sponsor Leading Sponsor, n.d.) jointly predicted under different scenario 
that 380 GW and 2000 GW of cumulative offshore capacity would be 
achieved by 2030 and 2050 respectively. This latest development may 
indicate that more potential for offshore wind power installation lies 
ahead. 

In addition, trends of onshore and offshore wind energy harvesting 
are demonstrated in Fig. 3 with reference to operational data that was 
based on the monthly average performances of particular onshore and 
offshore wind farms, which is adopted from (Andrew ZP Smith, ORCID: 
0000-0003-3289-2237; “Capacity Factors at Danish Offshore Wind 
Farms”. Retrieved from https://Energynumbers.Info/Capacity-Factors-at- 
Danish-Offshore-Wind-Farms on 2021-11-02 19:21 GMT, n.d.). Under 
section 2.1, mean wind speed and wind power density have been 
characterized as important indicators in determining wind resources 
potential at onshore and offshore locations. Moreover, the levels of 
measured wind speed and wind power density have been analyzed 
across onshore and offshore locations at different heights, and com
parison has been made between onshore and offshore locations based on 

these measured data. Accordingly, offshore location has appeared to be 
more favorable in terms of wind resource distribution based on 
measured data of mean wind speed and estimated wind power density. 
Under this section, the discussion and analysis generated under section 
2.1 can be practically interpreted and validated based on the operational 
data of onshore and offshore wind power generation from a real-world 
wind farm, which is demonstrated by Fig. 3. As it can be observed 
from this figure, the onshore and offshore wind farms of equal capacity 
(2 GW) yield different amount of power simultaneously, and offshore 
wind farm relatively shows better performance. This is due to the un
derlying reason that offshore location is regularly the windiest 
compared to its onshore counterpart. 

Next, under subsections 2.2.1 & 2.2.2, the parameters that further 
determine the characteristics of the onshore and offshore wind farm 
operations, which are capacity factor, and Levelized cost of energy 
(LCOE) for onshore and offshore wind power plants are assessed based 
on a recent report by International Renewable Energy Agency (IRENA 
(2019)). 

2.2.1. Power capacity factor of onshore and offshore wind energy systems 
The capacity factor can be understood as the ratio of average wind 

power generated by wind power plants to peak power capacity specified 
with wind power plants. Onshore wind power plants are most probably 
characterized by their lower capacity factors due to their installation 
locations compared to offshore wind power plants. The qualities of wind 
speeds and wind power densities across onshore locations can be 
affected by multiple environmental factors such as natural landscapes 
including forests and hills, and structures built by man including 
buildings and towers. These factors may seriously obstruct the incoming 
wind speeds or cause to create intermittent wind characteristics that are 
not qualified for the desired operation of onshore wind power plants. 
This in turn degrades the output power qualities of onshore wind power 
plants. On the other hand, there would be no such obstacles that can 
potentially affect offshore wind power plants. Because ocean water does 
not experience obstacles over its surface that could cause fluctuations of 
wind flows. Wind resources across oceans are therefore regularly 
stronger and can be harnessed to generate larger scales of power with 
significant capacities for an individual wind turbine. 

According to the recent report by (IRENA (2019), Future of Wind: 
Deployment, Investment, Technology, Grid Integration and Socio-Economic 
Aspects (A Global Energy Transformation Paper), International Renewable 
Energy Agency, Abu Dhabi., n.d.), the global estimated average capacity 

Table 2 
Global cumulative installed and projected capacities of onshore and offshore 
wind power (2011–2050).  

Year I. Historical Data (GW) 

(IRENA (2021), Renewable 
Energy Statistics, 2021 The 
International Renewable 
Energy Agency, Abu Dhabi., 
n.d.; IRENA-International 
Renewable Energy Agency, 
2023; Renewable Energy 
AgencyI, 2022) 

(Global Wind Report 2021, n.d.; Global Wind 
Report, 2023 - Global Wind Energy Council, n. 
d.; GWEC-GLOBAL-WIND-REPORT-2022, n. 
d.) 

Onshore Offshore Onshore Offshore 

2011 216.344 3.776 234 4 
2012 261.579 5.334 283 5 
2013 292.705 7.171 312 7 
2014 340.816 8.492 362 8 
2015 404.458 11.717 421 12 
2016 452.515 14.342 473 14 
2017 495.381 18.837 522 19 
2018 539.888 23.626 568 23 
2019 593.291 28.355 621 29 
2020 698.043 34.367 707 36 
2021 769.196 55.678 780 57 
2022 836 63 842 64   

II. Projections (GW) 

(IRENA (2019), 
Future of Wind: 
Deployment, 
Investment, 
Technology, Grid 
Integration and 
Socio-Economic 
Aspects (A Global 
Energy 
Transformation 
Paper), International 
Renewable Energy 
Agency, Abu Dhabi., 
n.d.) 

(GWEC.NET Associate Sponsors Supporting Sponsor 
Leading Sponsor, n.d.) 

Onshore Offshore Offshore 

2030 1787 228 380 
2050 5044 1000 2000  

Fig. 3. Monthly average onshore and offshore wind power generation from 2003- 
2019 (Andrew ZP Smith, ORCID: 0000-0003-3289-2237; “Capacity Factors at 
Danish Offshore Wind Farms”. Retrieved from https://Energynumbers.Info/Cap 
acity-Factors-at-Danish-Offshore-Wind-Farms on 2021-11-02 19:21 GMT, n.d.). 
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factor for new onshore wind power plants has grown from 27% in 2010 
to 34% in 2018 and will be expected to grow significantly in the next 
nearly 30 years. Onshore wind power plants are projected to have a 
maximum capacity factor of 55%, a minimum capacity factor of 30%, 
and an average capacity factor of 42.5% by 2030. Moreover, the pro
jection has revealed that onshore wind power plants would attain a 
maximum capacity factor of 58%, minimum capacity factor of 32%, and 
an average capacity factor of 45% by 2050 as illustrated in Fig. 4 (with 
green colored line) (IRENA (2019), Future of Wind: Deployment, Invest
ment, Technology, Grid Integration and Socio-Economic Aspects (A Global 
Energy Transformation Paper), International Renewable Energy Agency, Abu 
Dhabi., n.d.). In the case of offshore wind power plants, the global 
weighted average capacity factor has grown from 38% in 2010 to 43% in 
2018 and will be projected to show explosive growth in the next nearly 
three decades. Offshore wind power plants are expected to have 
maximum, minimum, and average capacity factors of 58%, 36%, and 
47% respectively by the year 2030. In addition, offshore wind power 
plants would continue to show further improvement by attaining a 
maximum capacity factor of 60%, minimum capacity factor of 43%, and 
an average capacity factor of 51.5% by 2050 as illustrated in Fig. 4 (with 
blue colored line) (IRENA (2019), Future of Wind: Deployment, Invest
ment, Technology, Grid Integration and Socio-Economic Aspects (A Global 
Energy Transformation Paper), International Renewable Energy Agency, Abu 
Dhabi., n.d.). 

As it can be generalized from the facts discussed above, capacity 
factors are mainly influenced by wind resources and design of wind 
turbine system. The design of the wind turbine system influences the 
system’s capacity to harness energy from incoming wind. Low wind 
speeds and turbulent wind are generally the two most challenging as
pects that affect the operation of the turbine systems. Hence, advanced 
turbine systems that can efficiently harness lower wind speeds result in 
improvement of their capacity factors, and wind turbine systems that 
can operate by withstanding turbulent wind also have increasing ca
pacity factors (Lau et al., 2023). 

2.2.2. Levelised cost of onshore and offshore wind energy systems 
Cost is the prime factor in determining the feasibility of onshore and 

offshore wind power generation. Due to its benefit of cost-effectiveness, 
wind power generation has experienced explosive growth over the last 
several decades when compared to power generation from other 
renewable energy alternatives. As a means to standardize the cost for 

various energy systems, levelized cost of energy (LCOE) is normally used 
as an indicator. LCOE indicates the cost that is incurred in the produc
tion of electricity from the energy sources (including wind resources) 
over the given lifetime of power plants. Moreover, LCOE incorporates 
the main energy price factors that include research and development 
expenses, start-up investment, capital expenditure, expenditures asso
ciated with the operation and maintenance of power generation systems. 
Mathematically, LCOE is computed as follows (Stehly2020. 2019 Cost of 
Wind Energy Review. Golden, CO: National Renewable Energy Laboratory. 
NREL/TP-5000-78471. https://Www.Nrel.Gov/Docs/Fy21osti/78471. 
Pdf., n.d.): 

LCOE =
CDev + CCap + CO&M

EA
(1) 

Such that: CDev stands for annual start-up development cost, CCap 

represents annual capital cost, CO&M stands for annual operation and 
maintenance cost, EA represents annual average energy generation. As it 
can be clear from equation (1), in order to lower the energy costs, 
minimizing the system development cost, reducing capital, and opera
tion and maintenance costs are required. Another efficient method in
volves enlarging the cumulative power generation and maximizing the 
power generation systems’ lifespans. Moreover, compared to onshore 
wind power plants, the main aspects that affect the LCOE of offshore 
wind power plants are distance from shore, load factor and availability; 
and these require higher costs for installations of mooring systems and 
long power transmission cables (Myhr et al., 2014). 

Fig. 5 illustrates an average LCOE associated with onshore wind 
(blue colored line) and offshore wind (red colored line) power genera
tion based on historical data and future projections. The global esti
mated average LCOE related to wind power generation was roughly 0.06 
USD/kWh for onshore and 0.165 USD/kWh for offshore in 2014, owing 
to the swift progressions of technologies and engineering research 
studies (IRENA (2019), Future of Wind: Deployment, Investment, Tech
nology, Grid Integration and Socio-Economic Aspects (A Global Energy 
Transformation Paper), International Renewable Energy Agency, Abu 
Dhabi., n.d.). Recently, the LCOE for onshore wind power generation is 
reported to be attractive in comparison to every conventional power 
generation sources and expected to be entirely efficient in years to come. 
The LCOE for offshore wind power systems should also attain a signifi
cant reduction as there is more reasonable space to do so. According to a 

Fig. 4. Global capacity factors of onshore and offshore wind farms based on his
torical data and future predictions (IRENA (2019), Future of Wind: Deployment, 
Investment, Technology, Grid Integration and Socio-Economic Aspects (A 
Global Energy Transformation Paper), International Renewable Energy Agency, 
Abu Dhabi., n.d.). 

Fig. 5. Global Levelized Cost of Energy (LCOE) for onshore and offshore wind 
power industries: historical data and future projections (IRENA (2019), Future of 
Wind: Deployment, Investment, Technology, Grid Integration and 
Socio-Economic Aspects (A Global Energy Transformation Paper), International 
Renewable Energy Agency, Abu Dhabi., n.d.). 
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recent report by researchers in (Wiser et al., 2021), wind power cost 
reduction of 37%–49% could be generally achieved by 2050. 

As illustrated in Fig. 5, in looking towards a zero-emission future, the 
global averagely estimated LCOE for onshore wind power plants is 
projected to be significantly falling by attaining the maximum reduction 
in the history of wind power generation. By 2030, onshore wind power is 
expected to be entirely cost-effective by falling below the minimum 
range of fossil fuel (0.05 USD/kWh), and be at the range of 0.03 USD/ 
kWh to 0.05 USD/kWh or averagely around 0.04 USD/kWh. It will 
further be expected to decline by 2050, and attaining a lower range of 
0.02 USD/kWh and a higher range of 0.03 USD/kWh or averagely 
securing 0.025 USD/kWh. On the other hand, the global averagely 
estimated LCOE of offshore wind power systems in 2018 was 0.127 
USD/kWh, showing more than a 20% decline with respect to cost in 
2010 (IRENA (2019), Future of Wind: Deployment, Investment, Technology, 
Grid Integration and Socio-Economic Aspects (A Global Energy Trans
formation Paper), International Renewable Energy Agency, Abu Dhabi., n. 
d.). In stepping towards the full transition, the global averagely esti
mated LCOE for offshore generation of wind power would further 
decline, and securing a lower range of 0.05 USD/kWh and a higher range 
of 0.09 USD/kWh by 2030. In addition, by 2050, it is projected to 
decline and reach a lower range of 0.03 USD/kWh and a higher range of 
0.07 USD/kWh. With the attainment of these projections, offshore wind 
could become a uniquely attractive candidate due to the fact that at 
these costs it would be directly competitive with fossil fuel-fired elec
tricity with no need for important financial incentives (IRENA (2019), 
Future of Wind: Deployment, Investment, Technology, Grid Integration and 
Socio-Economic Aspects (A Global Energy Transformation Paper), Interna
tional Renewable Energy Agency, Abu Dhabi., n.d.). 

In conclusion, various wind power technology systems can be 
employed for applications of onshore and offshore power generation. 
Since the last few decades, the advancements of these technologies have 
played a significant role in the improvement of onshore and offshore 
wind energy capacity factors and levelized costs. Accordingly, the pro
jections that particularly associated with low-cost (LCOE) might be 
possibly achieved with highly enhanced research studies and 
technologies. 

3. Life-cycle greenhouse gas emissions, carbon and energy 
payback periods by onshore and offshore wind power plants 

The construction and installation of wind power plants require 
multiple tons of materials, which include: steel, concrete, fiberglass, 
copper, and exceptionally exotic chemicals such as neodymium and 
dysprosium utilized in permanent magnets-based technologies; and all 
of these materials are characterized as having carbon footprint. For 
instance, metallurgical coal is required to be combusted in blast furnaces 
in order to manufacture steel. This process is known to be energy- 
intensive. The process of concrete manufacturing also emits a great 
deal of carbon dioxide. Nevertheless, these emissions are not lasting 
throughout the power generation process, and the overall environ
mental impact by wind farms is therefore can be very negligible 
compared with fossil fuel-fired electric systems that emit carbon dioxide 
continuously due to the reason that combustion of coal and natural gas is 
the part of the power generation process. 

As widely presented in several wind energy reports (NREL (Lantz 
et al., 2019), Vestas (Wind Systems, 2020) et al.), steel tower contributes 
to about 30% of the total carbon footprint left during the manufacturing 
of wind turbines, while the concrete foundation and the carbon fiber 
plus fiberglass blades making up 17% and 12% of carbon impacts, 
respectively. According to these reports, the carbon cost can generally be 
amortized by extending the lifespan of the wind power system, and its 
carbon footprint is 99% lower compared with coal-fired power plants, 
98% lower compared with natural gas, and 75% lower compared with 
solar power. Moreover, wind turbines (including both onshore and 
offshore configuration) produce about an average of 11 g of CO2 

equivalent per kilowatt-hour (11 g CO2-eq/kWh) of electric power 
generated, while for solar power with 44 g CO2-eq/kWh, for natural gas 
with 450 g CO2-eq/kWh, and for coal with 1000 g CO2-eq/kWh (Carrara 
et al., 2020). These figures are not static, particularly in the case of wind 
power as a result of advancing technology. For instance, the carbon 
footprint of the monstrous offshore wind power plant is expected to fall 
to 6 g CO2-eq/kWh in the future. In general, the greenhouse gas emis
sions by onshore and offshore wind power plants can vary depending on 
the capacity factor, component materials’ recovery rate at the end of the 
life cycle, and wind turbine mass (Bhandari et al., 2020). 

Table 3 presents the recent research findings associated with carbon 
footprints of onshore and offshore wind power generation for wind 
power plants with different capacities based on various life cycle impact 
modeling methods. The results vary depending on the region where the 
studies were conducted, rated capacities of wind power plants or tur
bines, and configurations of wind power plants: onshore versus offshore. 
To put into the context, wind turbines of similar capacity and configu
ration (both onshore) were reported to have varying carbon footprints 
(4.9 g CO2-eq/kWh (Alsaleh and Sattler, 2019) and 0.082 kg CO2-eq/MJ 
(S. Wang et al., 2019)) by researchers from different regions of the 
world; and the reason for this is due to the differences in the capacity 
factors and lifecycles of the two turbines. Moreover, the wind power 
plant (group of turbines) or individual turbine with higher rated power 
capacity, capacity factor, and longer lifespan has usually lower lifecycle 
emission. In this sense, according to (Bonou et al., 2016), the lifecycle 
CO2 emissions for 3.2 MW and 2.3 MW power rated onshore turbines 
were claimed to be 5 g CO2-eq/kWh and 6 g CO2-eq/kWh, respectively; 
and whereas for offshore wind turbines with power capacities of 6 MW 
and 4 MW, their lifecycle emissions were reported to be 7.8 g 
CO2-eq/kWh and 10.9 g CO2-eq/kWh, respectively. On the other hand, 
offshore wind power generation is appeared to be characterized by 
slightly higher lifecycle greenhouse gases emissions than onshore wind 
power generation. 

According to a report by (S. Wang et al., 2019), 2 MW of offshore 
wind turbine produced 0.13 kg CO2-eq/MJ amount of emission, while its 
onshore counterpart with the same rated power (2 MW) produced 0.082 
kg CO2-eq/MJ amount of emission. On the other hand, offshore power 
plant with capacity of 100*3 MW generated 5.98 g CO2-eq/kWh amount 
of emission, whereas its onshore counterpart with similar power ca
pacity (100*3 MW) generated 4.97 g CO2-eq/kWh amount of emission 
as reported (Y. Wang and Sun, 2012). Most important of all, the as
sessments provided in Table 3 relied on different methods and software 
tools. It is clear that the accuracy of a life-cycle impact assessment is 
generally affected by a proposed methodology, and a detail of this is 
pointed out in section 4. The most advanced methodologies for more 
accurate assessments of wind turbines’ life-cycle impacts are also 
introduced under section 4. 

On the other hand, it is also possible to estimate emissions payback 
periods for onshore and offshore wind power plants. Payback periods 
are the time spans required for wind power plants to generate adequate 
pollution-free electricity to compensate for the pollution by carbon that 
could be produced during the construction of wind power plants. Re
searchers in (Bonou et al., 2016) estimated the average carbon payback 
period for two onshore wind turbines having capacities of 2.3 MW and 
3.2 MW, and two offshore wind turbines having capacities of 4 MW and 
6 MW at around seven months. These turbines were reported to have a 
lifecycle of 20–25 years, and therefore, a period of seven months for 
carbon payback can be considered feasible enough. In addition, a 
comparative life-cycle analysis based on energy payback period was 
conducted by researchers in (Stavridou et al., 2020) for two onshore 
wind turbines of similar capacity (2 MW) and different tower designs, 
and 5–6 months for tabular steel tower-based design, and 4 months for 
the lattice self-rising steel tower-based design were estimated. This in
dicates that system dynamics could affect the energy payback 
performance. 

Furthermore, researchers in (Chipindula et al., 2018) conducted life 
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cycle assessments for various configurations of onshore and offshore 
wind turbines by considering their environmental impacts, carbon, and 
energy payback periods while estimating their emissions. The proposed 
configurations include: (1) three onshore turbines with a total rated 
capacity of 5.3 MW, (2) two shallow water-based offshore turbines with 
total rated capacity of 4.4 MW, and (3) two deep water-based offshore 
turbines with total rated capacity of 7.3 MW. Accordingly, 6–14 months 

were reported to be required to pay back energy consumptions and 
carbon emissions by turbines at the onshore location; whereas 6–17 
months were estimated for turbines commissioned at an offshore loca
tion. As per this study, energy consumption and carbon emission during 
life cycles can be compensated in shorter periods with onshore wind 
turbines than with offshore ones. 

4. Recent challenges and advances in life-cycle impact 
assessment modeling 

As outlined in Table 3, the life-cycle emissions by onshore and 
offshore wind turbines were shown to be estimated in two ways. One 
way was through manual calculation depending on the process-based 
and life-cycle assessment baselines, which were provided by Interna
tional Life Cycle Data (ILCD) handbook and Intergovernmental Panel on 
Climate Change (IPCC) guideline; and historical data collected from 
different sources. Whereas, the second way relied on different software 
solutions that were being built based on ILDC and IPCC databases to 
facilitate the more accurate assessments of wind turbines’ life-cycles 
impacts in determining the levels of carbon emissions, energy con
sumptions, and the times required to remove emissions and compensate 
consumed energy. However, these methodologies may not be efficient 
and effective in helping to produce more accurate and acceptable results 
of life-cycle assessments for wind turbines due to several factors. Life- 
cycle assessment baselines (ILCD and IPCC) and supporting software 
tools were originally developed for different fields and applications, and 
therefore, employing them for modeling and evaluation of wind tur
bines’ life-cycle impacts may not be methodically sounding as the wind 
turbine systems dynamics are entirely different from other power sys
tems, such as the conventional power technologies. 

In general, most of the existing methods that are associated with the 
modelling of wind turbines’ life-cycle impact assessments were based on 
the aforementioned traditional guidelines in addition to employing 
various software tools and average historical data that were manually 
collected from different plants. However, the findings of the life-cycle 
assessments may not be fully credible without the inclusion of real- 
time and dynamic data in model developments, particularly for com
plex systems like wind power plants. Hence, in order to ensure effective 
decision making that can ultimately result in realizing reliable opera
tional efficiency of wind power plants, advanced methods that should 
implement real-time data in modeling of life-cycle assessments are 
required to be introduced. 

In response to the limitations of the conventional life-cycle impact 
modeling methods, the machine learning-assisted technologies, namely 
Internet of things (IoT) (Alhmoud and Al-Zoubi, 2019) and predictive 
digital twin (Haghshenas et al., 2023) were presently reported to be the 
most powerful methods as they would take into account the system 
dynamics of wind power plants. These methods generally facilitate the 
acquisition of real-time data in modeling the wind turbines’ life-cycle 
impacts in order to achieve more accurate assessments, which could 
eventually be implemented for turbine systems optimizations. The ul
timate goal of the optimization by employing IoT and predictive digital 
twin technologies is to reduce or remove the degree of life-cycle impacts 
(emissions, etc.), and hence enhance the operational reliability of the 
power plants be based on the reported assessments (Adekanbi, 2021). 
Unlike the conventional methods, real-time data extraction from the 
power plants makes IoT possible to conduct accurate assessments of the 
life-cycle impacts by simultaneously taking into account multiple fac
tors. This technology can also be integrated with machine learning, and 
artificial intelligence technologies for ensuring more efficient, and reli
able modeling of life-cycle assessments, this could ultimately result in 
generally smarter power systems with mitigated life-cycle impacts 
(Rebouças Filho et al., 2019). Furthermore, predictive digital twin is 
another advanced technology that was introduced as an option to 
replace the conventional methods for ensuring robust assessments of the 
power plants’ life-cycle impacts. This technology is the virtual 

Table 3 
Life-cycle CO2 emissions by onshore- and offshore-based wind power plant 
configurations.  

Configuration Power capacity Modeling 
platform 

Emission Ref. 

Onshore 200 wind 
turbines with 
2 MW capacity 
each 

ILCD (ISO 
14040) and 
SimaPro 8 

4.9 g 
CO2-eq/ 
kWh 

Alsaleh and 
Sattler 
(2019) 

Onshore 2 MW ILCD (ISO 
14044) 

0.082 kg 
CO2-eq/ 
MJ 

(S. Wang 
et al., 2019) 

Offshore 2 MW 0.13 kg 
CO2-eq/ 
MJ 

Offshore 27 wind 
turbines with 
3.6 MW 
capacity each 
+ 1 wind 
turbine with 5 
MW capacity 

ILCD (ISO 
14044) 

25.5 g 
CO2-eq/ 
kWh 

(J. Yang 
et al., 2018) 

Onshore 18 wind 
turbines with 
1.5 MW 
capacity each 
+ 30 wind 
turbines with 
0.75 MW 
capacity each 

SimaPro 8/ 
ecoinvent 2.2 
and GaBi/CML 
2001 

8.6 g 
CO2-eq/ 
kWh 

Xu et al. 
(2018) 

Onshore 1 MW SimaPro8/ 
ecoinvent 3 
(based on ISO 
14040) and 
GaBi/IMPACT 
2002+

7.35 g 
CO2-eq/ 
kWh 

Chipindula 
et al. (2018) 

Onshore 1.5 MW ILCD (ISO 
14040) and 
GaBi/CML 2001 

11.8 g 
CO2-eq/ 
kWh 

Ozoemena 
et al. (2017) 

Onshore 2.3 MW IPCC guideline, 
SimaPro 8/ 
ecoinvent 2 
(based on ILCD 
Handbook) and 
ReCiPe 

6 g CO2- 
eq/kWh 

(Bonou 
et al., 2016) 

Onshore 3.2 MW 5 g CO2- 
eq/kWh 

Offshore 4 MW 10.9 g 
CO2-eq/ 
kWh 

Offshore 6 MW 7.8 g 
CO2-eq/ 
kWh 

Onshore 2 MW ILCD method 20.7 g 
CO2-eq/ 
kWh 

(D. Yang 
et al., 2015) 

Offshore 6 different 
turbine designs 
with 5 MW 
capacity each 

ILCD (ISO 
14044) 

18–31.4 g 
CO2-eq/ 
kWh 

Raadal et al. 
(2014) 

Onshore 100 wind 
turbines with 
3 MW capacity 
each 

IPCC guideline 
(manual-based 
assessment) 

4.97 g 
CO2-eq/ 
kWh 

(Y. Wang 
and Sun, 
2012) 

Offshore 100 wind 
turbines with 
3 MW capacity 
each 

5.98 g 
CO2-eq/ 
kWh 

Onshore 186 wind 
turbines with 
1.65 MW 
capacity each 

8.21 g 
CO2-eq/ 
kWh  
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representation of real-time data involved in the entire wind power 
plants’ life-cycles. Through real-time monitoring data, high perfor
mance simulation accuracy and robust simulation prediction, predictive 
digital twin can realize the digital description and smart application 
service of the power plants’ whole life-cycle from concept, design, 
manufacturing, operation, maintenance to scrapping (Zhong et al., 
2023). 

A further study presented in (An et al., 2021) also proposed an 
advanced life-cycle assessment modeling method that was based on a 
real-time application of Internet of Things (IoT) for enhancing wind 
turbines’ operational efficiency. This technology was implemented for 
achieving the real-time, and reliable gathering of data that were asso
ciated with energy consumption, and environmental impacts 
throughout the wind turbines’ lifecycles. More importantly, the nature 
of databases built through IoT technology would mimic the operational 
dynamics of wind turbines, and this would help to produce assessment 
results with an excellent degree of accuracy and objectivity. The 
life-cycle assessment model was developed by integrating the database 
that was built by the application of IOT into IMPACT 2002+, which 
would enable to design and implement a combined methods involving 
midpoint and endpoint. Accordingly, the complexity and uncertainty 
that could most likely be resulted by employing conventional methods 
were reported to be eliminated by IOT plus IMPACT 2002+ model. 

A research work presented in (He et al., 2023), on the other hand, 
introduced a novel digital twin modeling method that was integrated 
with carbon footprint analysis by using the pile-leg lifting system as a 
prototype for offshore wind power installation platform. According to 
this work, rich product twin data can be generated by employing the 
data acquisition function module of the digital twin system, and this can 
facilitate an effective carbon footprint analysis of the prototype. Based 
on a closed-loop digital twin system consisting of a physical system’s 
control service subsystem, carbon footprint analysis model, physical 
system, twin data, and virtual system, the result of the carbon footprint 
analysis was considered as the optimization target for the physical sys
tem. This work proposed a novel digital twin framework for the physical 
system’s control service subsystem by implementing the master-slave 
design pattern and event state machine. Moreover, this work 
employed LabVIEW software to realize real-time data acquisition func
tion, data storage function, and control instructions distribution func
tion of the physical system’s control service subsystem, and to establish 
a human-computer interface. A simple and effective model of carbon 
footprint analysis that gives consideration to cost factors and informa
tion uncertainty was also introduced by this work for electromechanical 
subsystems. The validity of the proposed digital twin model was finally 
demonstrated by implementing it in the prototype. In general, this 
technology offers an advanced approach to optimization of physical 
wind power plants by addressing the challenges imposed by the tradi
tional carbon footprint assessment models. 

In addition, studies in (Ghoroghi et al., 2022; Portolani et al., 2022) 
demonstrated the advancements and effectiveness of machine 
learning-based methods of modelling wind power plants’ life-cycle 
impact assessments against the conventional methods, such as that lis
ted in Table 3. Machine learning-based life-cycle assessment methods 
can contribute greatly in helping to reducing the impacts stemming from 
the dynamics of power plants. According to (Ghoroghi et al., 2022), 
wind power plants’ Life-cycle impact assessment modelling that is 
underpinned by machine learning methods and informed by power 
plants’ dynamic data paves the way to more accurate assessment while 
supporting life-cycle decision making. The application of machine 
learning models can be more quantified based on additional studies. For 
instance, a machine learning model that relies on a fusion of the 
feed-forward neural network (NN) and Electricity Technological Mix 
Forecasting (ETMF) algorithms was proposed in (Portolani et al., 2022) 
to forecast life-cycle assessment impact indicators for the consumption 
of electricity, and the superior accuracy of the proposed model was 
finally demonstrated against the conventional method. 

The discussion under this section generally indicates that the con
ventional life-cycle impact assessment methods are not effective and 
efficient for optimization of wind power plants’ operation. Hence, this 
paper has introduced the most robust modelling methods that particu
larly rely on IoT, predictive digital twin, and machine learning algo
rithms. These methods could help to conduct more reliable life-cycle 
impact assessments that could ultimately be used as inputs in decision- 
making for the wind power systems’ management. 

5. Conclusion 

Onshore and offshore wind power generation have generally ach
ieved varying levels of growths over the last few decades, and also ex
pected to sustain more rapid and significant changes in the years to 
come. Global renewable (wind) energy research and technology in
stitutions, such as IRENA and GWEC recently unveiled both independent 
and joint reports on the onshore and offshore wind power development 
trends based on the recent installations and future projections. Even 
though some differences have been observed with regard to historical 
achievements of onshore and offshore wind power installations, both 
(IRENA and GWEC) have indicated further improvements would be 
achieved with onshore and offshore technologies in terms of energy 
costs, power production, impacts of wind farms etc. in the upcoming 
future. However, these projections could not be smoothly achieved 
without the enhanced research studies, technologies, power de
ployments, policy considerations, etc. that are associated with these 
systems. Most vitally, relatively high offshore LCOE, and offshore wind 
power plants’ life cycle impacts are the potential areas that demand 
further considerations in order to meet the desired standards that are 
required from the future wind farm industries. In particular, offshore 
wind power has become to receive a significant attention since the last 
few years and still has remained to be at the forefront of technological 
and research projects. 

The accurate modeling and assessment of wind turbine systems’ life 
cycle impacts is the critical research issues to date to provide the proper 
recommendations on the outcomes of the related studies, which could 
ultimately be implemented in optimizing the turbines’ physical com
ponents. In this regard, many of the existing works relied on the tradi
tional modeling methods that do not entirely define the characteristics 
and dynamics of wind turbines, and that would not lead to the objective 
evaluation of turbines’ life cycle impacts. Recently, only few number of 
works have been published by employing modelling methods that fully 
represent the turbine systems dynamics and implement real-time data 
collection in making the assessments more objective and credible. 
Hence, more extended studies would be expected in this area to help 
further lowering of the impacts, particularly the emissions due to the 
power plants’ carbon footprints by employing the most effective tech
nologies, such as IoT and predictive digital twin. Unlike the conven
tional methods, real-time data extraction from the power plants makes 
these technologies possible to conduct the most accurate assessments of 
the life-cycle impacts. This study generally recommends the application 
of these technologies for the most reliable life-cycle assessments of wind 
power plants. Moreover, the findings of the assessments that would 
implement IoT and predictive digital twin methods could ultimately be 
used as inputs in decision-making for the wind power systems’ 
management. 
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