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Abstract. Wi
world—Accurate estimation ofFhe wind speed at wind turbine hub height is of significanceimportant

for wind energy assessment and exploitationapplication. Fo—achieve-thegoal-ofreducingpeaking

resources—on—the—coast-of-China—Nevertheless, the traditional power law method (PLM) relies
engenerally assumes—athe—constant—coefficientto—estimates the_hub -heightlevel wind speed_by
assuming a constant exponent between surface and hub height wind speeds-at-wind-turbine-hub-height

by-assuminglogprefile. Thise constant-assumptioninevitably may-leads to significant uncertainties in
estimating wind energy-assessmentspeed profile especially under unstable conditions-in-the-surface

aver-giventhe large- dependence-on-a-variety of factors,such-as-terrain,-time-and-height. To minimize

the uncertainties, we here use-three athe machine learning-{(M-L} algorithms known as Rrandom fForest
(RF) to estimate the hub—height-wind speed at hub heights; such as at 120 m (WSi120), 160 m (WS1e0)
and 200 m (WS200).; These heights goes beyond the traditional wind mast limit of 100-120 m. The
radar wind profiler and surface synoptic observations at the Qingdaoetght-ceastal stations from May
2018 to August 2020 are used as key inputs to develop the RF modelretrieve-wind-speed-at-wind
turbine—hubheightand-investigatethe-wind—energyreseuree. A deep analysis of the RF model
construction has been performed to ensure its applicability. Afterwards, three RFML models and the
PLM are used to retrieve the WSi20, WSi60 and WSooowind-speed-at-120-m-(WS120)-160-m-{\WS140)
and-200-m-OWSson)-above-grounddeve WS 120},

At-three-heights,-TtFhe comparison_analyseis from both RF and PLM models are performed against

ofresultswith-the ebservationsradiosonde wind measurements. At 120 m, At120-mOveralltFthe RF
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model at-120-m-shows a relative higher correlation coefficient R of 0.93 andbut a smaller RMSE of
1.09 m/s, compared with the R of 0.89 and RMSE of 1.50 m/s for the PLM.

Notably, the metrics used to determine the performance of model declines sharply with height for the
PLM model, as opposed to the stably variation for the RF model. This -shews-suggests the-wind-speed
from-the RF model is-elosertoagreesbetter with-the-observed-value-than-that fremexhibits advantages
over the traditional PLM model. This is due-te-the-facthkely-because —that-the RF model that-well
considers the factors such as surface friction and; heat transfer-and-high-height- wind-speed-constraints
exhibits-superiority-overthe-traditional-PEM. The diurnal and seasonal variations of WS120., WSi60
and WSz from RF wind-pewerdensity-(WPDJ)-are then investigatedanalyzedestimated. TFertand
statiens;-the hourly-mean WS1owind-speedWSPD is larger at daytime from 0900 to 1600 local solar
time (LST) and reach a peak at 1400 LST. The seasonal variation-efthe-WS120 is large inat spring and
winter—andwinter and is low in summer and autumn-which—tis-due-to-the joint-influence-of the East
Asia-Menseon-and-Mengelian-cyelones. The diurnal and seasonal variations of WSieo and WSao0 are
similar to thoseat of WSi120. Finally, we investigated the absolute percentage error difference-(APED)
of wind power density between RF and WPDB-frem-PLM at different heights. In the vertical direction,
the APE is gradually increased as the height increases. Overall, the PLM algorithm has some
limitations in estimating wind speed at hub heightwind-energy-assessment-at-high-heightsaltitudes. H#
is-suggested-toThe-use-tTheef RF model that combines more observations or auxiliary data is the more
suitable for the hub height wind speed estimation-s-suggested. These findings obtained here have great

implicationsprevide-tnsights for the development and utilization of wind energy industry en-the-ceast
of-China-in the future.

Key words: wind energy, radar wind profiler, remote sensing, machine learning
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1. Introduction

With the rapid economic development of the world, the massive consumption of fossil fuels produces
an increasing emissions of carbon dioxide, sulfur dioxide and other pollutants (Yuan, 2016; Magazzino
etal., 2021). i

at—temperature(Shakun—et-al;—2012;Shi-et-al;—2024)-To tackle this problem, it is increasingly

becoming imperative to develop renewable clean energy (Hong et al., 2012). Among the myriad

renewable energy resources, wind energy has gained more and more favors because of its abundant
availability, good sustainability, and high cost-effectiveness (Li et al., 2018; Leung et al., 2012). As
one of the largest energy consuming countries in the world, China is currently facing an increasingly
serious energy and climate situation (Khatib et al., 2012). The Chinese government proposes to peak
itsthe peak-carbon dioxide emissions before 2030 and achieve carbon neutrality strategy-to-deal-with
energy-and-environmentalissuesbefore 2060 (Pei et al., 2022). With the stimulus of policies and the

favor of investors, wind power industry in China is flourishing. Therefore, the scientific assessment of

wind energy resources in China is of great importance for the healthy development of wind energy
industry in the decades to come.

CharacterizingFhe-varation othe fwind speed at wind —turbine hub height is key for wind energy

assessment (Yu et al., 2022). The wind turbine is usuallygeneraly installed at the top of wind mast

with a height of 100-120 m above ground level (AGL), which roughly corresponds to the surface layer

(Veersetal., 2019). The wind speed data that have been widely eanbe-used for wind energy assessment
are mainly obtained from wind mast, Doppler lidar-siteurface-observations or reanalysis data (Debnath

etal., 2021). The 10 m wind data measured by the ground meteorological station can be used for wind

energy assessment (Oh et al. 2012; Liu et al., 2019). The wind tower or mast can also provide wind
speed observation data below 100 m AGL (Durisic et al. 2012; Liu et al., 2018). Moreover, the

reanalysis data, such as the fifth generation European Centre for Medium-Range Weather Forecasts

atmospheric reanalysis system (ERA5), can-alse provide the hourly wind speed at a height of 10 or

100 m AGL for wind energy assessment (Laurila et al., 2021;: Gualtieri, 2021). However, the wind

turbines are increasing in height and rotor diameter with the development of technology, which go
beyond the surface layer and enter the Ekman layer-Qeers-et-al—2019). Such as some offshore wind

power plants, the blade tips of the largest wind turbine can reach heights of 250 m AGL (Gaertner et

al. 2020). In addition, increasing wind turbine hub height reduces the impact of surface friction,

enabling wind turbines to operate in high-quality wind resource environments (\Veers et al., 2019).
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Therefore, the wind profile is important for the selection of wind turbine hub height and the assessment

of wind enerqy.

Currentlylt is widely recognized that; the wind profile is mainly obtained by empirical formulae (Li et
al., 2018), such as the power law method (PLM)-{tietal2618). The PLM method generally assumes
that the wind speed below 150 m in the planetary boundary layer (PBL) varies exponentially with
height (Hellman et al. 1914). Thisk means that the wind speed at the wind turbine hub height can be

calculated from the surface wind speed based on a constant power law exponent («). ButHowever, the

surface layer wind profile is mainly controlled by the surface roughness, friction velocity and the

atmospheric stability (Gryning et al., 2007). The surface layer is where obstructions such as trees,

buildings, hills, and valleys cause turbulence and reduce the wind speed (Coleman et al., 2021; Solanki
et al., 2022). Due to the influence of inhomogeneous underlying surface and ubiquitous atmospheric
turbulence, wind speed varies constantly and greatly in the wvertical (Tieleman 1992).
EspeciallyMeoreover; addition—aboveabovet-the-top-ofthe surface layer, the factors, such as the
Coriolis forceparameter, baroclinity and wind shear, increase the complexity of the wind profile alse

i i He-(Brimmer 1991). As a result, Hleads-that Fhus-the o has spatiotemporal
variability and depends on a variety of factors, such as terrain, time and height (Li et al., 2018). For

—Therefore, the assumption of a constant a poses great

challenges and uncertainties to wind energy assessment._ Some studies use more complex models to

improve the PLM, such as the perturbation theory (Sen et al., 2012) and the bivariate wind speed-wind

shear model (Jung et al., 2017). These studies confirm that there is a complex nonlinear relationship

between surface observations and wind speed at the wind turbine hub height. Therefore, one of the

greatest challenges is to develop an accurate method to describe the nonlinear transfer from surface

observations to wind speed at wind turbine hub height.

With the development of machine learning (ML) technology, the ML algorithms have been widely
used in the field of wind speed and wind power predictionferecasting (Magazzino et al., 2021). Chi et
al. (2015) compared two wind speed-forecastingspeed-forecastingpredietion mechanisms in China
based on linear regression and support vector machine{SVM} algorithms. They findeund that the ML

algorithms have better accuracy in solving the nonlinear problem. Lahouar and Slama et al. (2017)

used several weathermeteorological factors to forecast wind power based on a random forest (RF)
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model. The Rresults indicated that compared with physical and statistical approaches, the ML models

can achieveebtain better accuracy when coping with problems that cannot be analytically defined.

Therefore, it is worth trying to use ML algorithms to retrieve the wind speed at wind turbine hub height

from available observations.

Given the abovementioned problems, we attempt to use a machinelearning-{ML} algorithm known as
RFs to retrieve wind speed at wind turbine hub height320-m-AGL-A/S120) from the radar wind profiler
(RWP) and surface synoptic observationsmulti-seuree- RWP-measurements. A RF algerithmmodel has
been trained based on Fthe surface in situ wind speed, high-heightaltitude RWP wind speed and
corresponding surface meteorological data from May 2018 to August 2020-are-coHected-to-develop
the-M—meodels. The performance of the classical PLM method and three RFML models arewere then
compared. Next, the wind speeds from the-mest-effective RF model wereareas used to assess-evaluate

the wind power-en-ceast-of-China. The results of our study can provide useful information for the
development of wind energy industry in en-the-coastal-ef China. The observational data areis_—briefly
introduced in section 2. The RFML models construction and wind energy evaluation method are
displayed in section 3. Section 4 discusses the accuracy of the REME models and the variation of wind
energy resources. A summary of results is presented in section 5.

2. Materials and Data
2.1 RWP datanetwork-ofChina

The RWP is a ground-based remote sensing device that is used toean-ebserve measure the atmospheric

2020)TFhe-timeresolution-of RWPR-data-canreach-minute-level-1tFhe-RWHR has high and low detection

modes in the vertical direction, and their corresponding vertical resolutions are 120 and 60 m,
respectively (Liu et al., 2020). HeweverNevertheless, the wind profile-ebservations near the ground
surface, especially those —{below 24300 m AGL} are usually highly uncertain—+remeved, due to the

influence of ground and intermittent clutter (May and Strauch 1998: Allabakash et al., 2019). Therefore,

there exists large data gap between ground surface and the lowest measurement height provided by the
RWP.

Here, the RWP data areis obtainedprovided by-a-coastal observational stationtnat Qingdao —(120.23 °

E, 36.33 °N), which is a typical coastal synoptic weather station. The spatial distribution and surface

type of thisese stations areis shown in Fig. 1marked-byred-points. Geographically, Qingdao station

5
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is located on the south of Shandong Peninsula—andPeninsula and isare-nearthe-beundary-oflies to the

west of -the Yellow Sea. To be more specific, Fthis station is set up in the suburb, surrounded by

cropland. The altitude of thise station is 12 m above mean sea level. The hourly wind speed_(\WWSzo0)
and direction (WD3go) data at 300 m AGLs areare obtained from 1 May 2018 to 31 August 2020. The
original RWP data at 6-min intervals haves not been released temporarily, but #-can_be reasonably

requested upon demand by contacting-te Dr. Jianping Guo-by (Eemail:_—{jpguocams@gmail.com).

2.2 Anemometer

The wind cup anemometer can measure the instantaneous wind speed;andspeed and is installed at 10
m AGL (Mo et al., 2015). The sensing part of wind cup anemometer is composed of three or four
conical or hemispherical empty cups. It can provide surface wind data with an error of less than 10%
(Zhang et al., 2020). This device is also installed at eight Qingdao R\WP-stations. The 10 m wind speed
data (WS10) and direction (WD10) data can be downloaded in
http://www.nmic.cn/data/cdcdetail/dataCode/A.0012.0001.html (last access: 15 November 2022).
Here, the WS1010-m-wind-speed-data data at-the-eight R\WP-stations-arewere also obtained from 1 May
2018 to 31 August 2020. The WS1010-m-wind-speed-data data areiswas processed into hourly average
value to match the RWP data.

2.3 Radiosonde data

The radiosonde (RS) provides the vertical profiles of wind speed and wind direction_at 5-8 meter
intervals-twice-a-day-at 0800-and-2000-lecal-selar-time(LSTH (Guo et al., 2020). The accuracy of RS
wind speed is within 0.1 m/s in the PBL (Guo et al., 2021b). One noteworthy drawback is that the
operational RS can provide observations of wind profiles only twice per day: 0800 and 2000 local solar
time (LST). TNete-thatenhy-the station-of-Qingdao station is equipped with RS and RWP at the same
time. The RS data also collected from 1 May 2018 to 31 August 2020, which can be downloaded from
http://www.nmic.cn/data/cdcdetail/dataCode/B.0011.0001C.html (last access: 15 November 2022).

2.4 ERAS data

The ERAS is the reanalysis data combining model data and observations, which provides global,
hourly estimates of atmospheric variables (Hoffmann et al., 2019). The horizontal resolution can reach
0.25 * 0.25 degree, and there are 137 vertical levels in vertical direction. “ERAS hourly data on single
levels from 1959 to present” is a dataset of ERAS, which can provide a series of surface parameters
such as temperature, humidity, pressure and radiation etc. (Hersbach et al., 2020). It can be downloaded
from the website of https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-

levels?tab=overview (last accessed:-en 15 November 2022). HereTherefere, nine parameters that-may
6
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affect-the-variation-ofwind-speed-have been collected, including charnock coefficient (Char), forecast

surface roughness (FSR), friction velocity (FV), dew point (DP), temperature (Temp), pressure (Pres),
net solar radiation (Rn), latent heat flux (LHF), and sensible heat flux (SHF). Char, FSR and FV are
related to surface roughness, and-thus can evaluate the influence of different surface types on the wind
speed in the surface layer. DP, Temp and Press are the meteorological parameters associated with wind
speed. Rn, LHF and SHF indicate the solar radiation level, which is directly related to the generation
of wind. According to the longitude and latitude information of the RWP-Qingdao station, the grid
where the RWP station is located is selected and those parameters in the corresponding grid are
obtained accordingly. These data arewere obtained from 1 May 2018 to 31 August 2020-at—eight
stations.

3. Methods

The schematic diagram of surface layer wind profile observations is shown in Fig. 2. The wind mast
or tower can provide wind speed data below 100 m AGL (Durisic et al. 2012; Liu et al., 2018). The
RWP-network-ef China can measure the wind profiles from the 300 m to a height of 5-8 km AGL (Liu
et al., 2019). It leads to a gap (100 to 300 m) in the observation of wind profile. At present, the PLM

method is most often applied to extrapolate the surface wind speed to the wind turbine hub height,
such as wind speed at 120 m (WSi20), 160 m (WS1s0) and 200 m (WSz00) AGLAAAS120).

3.1 Power law method

The PLM method is proposed by Hellman et al. (1914). It assumes that the wind speed below 150 m
in the PBL varies exponentially with height. As a result, the wind speed at wind turbine hub heighta
certain-height is typically estimated using the following formula (Abbes et al., 2012):

vV = v X (Z_i)a 1

where v1 and v are the wind speed at height h; (£6-m}-and h,{120-m}, respectively. The « is the power
law exponent-wind-shear—coefficient, which varies with time, altitude, and location (Durisic et al.,
2012). In engineering application, the value of a is determined by the terrain type, and generally is
estimated to range from 0.1 to 0.4 (Li et al., 2018). Here, the general value of o for coastal topography

iswas set to 0.15 based on former studies (Patel et al., 2005; Banuelos et al., 2010). However, Jung et

al. (2021) pointed out that the error in the wind power density estimation over China can reach to 30 %

based on a constant a value. Therefore, we attempt to use ML algorithms to obtain the WS120, WS160
and WS»p0.—

3.2 MaRFEechinelearning algorithms
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RF is an ensemble ML method-(Breiman;-20014}, which has been widely used in regressive calculation

(Breiman, 2001). It is a method to integrate many decision trees into forests and predict the result.

Schematic diagram of RF is shown in Fig. S1e. The RF is composed of many decision trees, and each
decision tree is irrelevant. The performance of RF is determined by the aggregation of the results of
all the trees (Ma et al., 2021). For RF model, the number of trees (N) is an important parameter to
achieve the optimal performance of the model. The further detailed information can be referred to
Breiman (2001).

3.2.1 Inputs for RF
In the construction of the RF model, it is necessary to obtain the relevant aseries-ofvariables that may

affect the surface wind profile according to the physical mechanism and previous research. At present,

the PLM is often used to calculate the wind speed at hub height. It confirms that the wind speed at hub
height is related to the wind speed at other heights (Durisic et al., 2012: Li et al., 2018). Therefore, the

WS10, WD10, WS300 and WDz3oo are selected as inputs. The surface wind profile also depends on the
surface roughness, friction velocity and the atmospheric stability—and-surface-stress —and-on—the
atmospheric-stratification-(Smith, 1988; Gryning et al., 2007), +-so that Char-FSR,; FV_and Char and
TFemp-are also regarded as inputs-variable. The higher FSR causes a slower wind speed in the surface
i i i =The FV

is a theoretical wind speed at the Earth's surface, which is used to calculate the way wind changes with

height in near surfacethe-surface-layer (Stull, 1988). FheF\is-used-to-calculate-the-way-wind-changes
with-height-ir-the-surfacelayer{Stul—1988). Moreover, considering that the generation of wind is

closely associated with uneven heating of the Earth's surface by solar radiation (Solanki et al., 2022),

layer. Atatane

the Rn, LHF and SHF are also selected as input variables. Additionally, some studies use atmospheric

temperature and atmospheric-pressure as input to improve the accuracy of wind speed prediction (Chi

et al., 2015). Here, we also regard DP, Temp—Femp and Press as the input variables. The reference

value, also included as input in the RFME models, is the WS12e-WS120, WS160 and WS»00 measured
from RS.-

3.2.2 Feature selection
To estimate the WS120, WS1s0 and WS200, we need to build RF model on 120 m (RFi2), 160 m (RFi)

and 200 m (RF2w), respectively. For eachRFeach-ML model, it is necessary to select the main features

from the input-values to avoid data redundancy and reduce the complexity of the model (Ma et al.,
2021). Following theprevieus research of Gregori et al. (2022), the wvariableinputs,s which cannot that
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after-being discarded-de-not-cause a 2% reduction in correlation coefficient, are regarded as irrelevant
feature and removed-{Gregeri-etak—2022). Figure 3 shows the |mportance analysis of input-variables
for three REME models.
on-this-parameter—The relevantmain features-of each-modelinput-variables-with-tmportancetagerthan

01 arewere marked by red bars. The irrelevant features are marked by blue bars, which are not

regarded as final inputs in three RFfiral-ME modelss. For three RF models,— the mainrelevant features
are both WSio, FV, Char, SHF and WS;atthough-the-importance-values-of WS,o-and-FV-are-large;

. It indicatesd

that exceptforsurface-stress-the factors such as surface friction, heat transfer and high-heightaktitude
wind speed constraints arewil-alse-be considered in the construction rversion-precess-of RF models.

In addition, it is surprising that FSR has such low importance in three RF models construction. FSR is

a measure of surface resistance, which directly affects the near-surface wind speed (Smith, 1988). At
a land station, the FSR is derived from the vegetation type (Li et al., 2021
2021). The surface type of Qingdao station is cropland. Li et al. (2021) confirms that the FSR at

cropland is most likely to 0.3 m. In training data, the FSR from ERAS5 also approximates a constant

value (0.3 m). Since the constant variable has no meaning for RF model construction, the RF model

divides FSR into irrelevant variable. Therefore, the final inputs for three RF models are WS, FV,
Char, SHF and W Ss.

3.2.343 Medel-Ttraininguning parameters RF

RF algorithm requires to setup the hyperparametersN in order to avoid overfitting in the training dataset
(Ma et al., 2021). H-Here, we used
the RF algorithm for regression in MATLAB R2020b. The code and usage of RF are referred to the

MATLAB help centerre (https://ww2.mathworks.cn/help/stats/treebagger.html, last access: 15

November 2022). The specific tuning parametertraining process of eachRF model is presented as

follows:- The N value varies from 1-500 with an interval of 210. Correlation coefficient (R) and root

mean square error (RMSE) arewere used to evaluate the accuracy of the model. We need to set an

appropriate N value to maximize R and minimize RMSE. —Fig.ures S2¢-and-2f shows the tuning
parameters process for the number-ef-tree{N of three RF models). For RFi2, it can find that the R
increased with N value increased, while the R iswas almost unchanged when N value is greater than
100. When N equals 380200, R reaches the maximum value (0.8182) and RMSE reaches the minimum
value (1.64-68 m/s). Therefore, the N value is set to 366-200 for RF120. Moreover, according to the

same tuning parameters processprinciple, the N values are set to 300 and 150 for RF1s0 and RFa200,
respectively. After determining the final inputs and N values-hyperparameter, the three RF models
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have been trained and tested. At Qingdao Station, a total of 746 sample data are obtained after data

matching. We use the 5-fold crossover to train RF models. The test results are discussed in section 4.1.

3.2.43 Sensitivity analysis
The accuracy and generalization of the RF model depend on training and testing samples (Ma et al.,

2021). However, the training and testing samples areis obtained at 0800 and 2000 LST. It needs to

discuss whether the RF model also applies to other times. This depends on whether the RF model has

enough generalization for the training samples, and whether the inputs at other times have appeared in

the training samples. Fig. S3-S54 shows the difference between estimated wind speed WSi29-and

observed wind speedWsSi20 Of three RF models, which as a function of the inputs. For three RF models,

the deviations arewas relatively stable and-dig not change with the increase of inputs. It indicates that
three RF models have good generalization for the training and testing samples. This iscoutd-be-tikely
due-to-the-factthatbecause the RF tends to increase random disturbance in the sample space, parameter

space and model space, thereby reducing the impact of "cases" and improving the generalization ability
(Breiman, 2001). Moreover, Fig.ure S6 shows the distribution of inputs at different time. The red

dashed lines represent the maximum and minimum values of each variable at training samples. In the

range of the red line, three RF models can provide stable output due to its good generalization ability.

It can be found that almost all the inputs have appeared in training samples. Therefore, three RF models

have sufficient generalization and can be used atin other times.

3.34 Assessment methods of wind energy

For the wind speed at hub heightebtained\W.S120, a series of indicators haveneed-te been used to

evaluate wind energy, such as Weibull distribution and wind power density (WPD) (Pishgar et al.,

2015). These parameters are commonly used to evaluate the wind energy at a certain station (Fagbenle
etal., 2011; Liu et al., 2018).

3.34.1 Weibull distribution

The Weibull distribution can calculate the cumulative probability F(v) and probability density f(v)

function of WSi2oin a certain period of time, which are expressed as follows (Chang et al., 2011):

Fw) =1-exp|-(2)] — @

Fo) =22 = (5 () ew|-(0)] ®

where v is the WS120; k and ¢ are the shape parameter of the Weibull distribution. Higher ¢ indicates
larger wind speed, while the k indicates wind stability. Saleh et al. (2012) compared different methods
to estimate k and c, and pointed out that the moments method is recommended in estimating the

10
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Weibull shape parameter. Therefore, we use the moments method to calculate the k and ¢, which shows
as follows (Rocha et al., 2012):

K= (%)—1.086 B - @

where v and o are the mean and square deviation of WSi20, respectively.;and I' is the gamma function,

®)

which has a standard form as follows:
T(x) = foooe_“ux_1 du o (6)
3.34.2 Wind power density

The WPD is the wind energy per unit area that the airflow passes vertically in unit time, and generally
takes the form like (Akpinar et al., 2005):

WPD =2 pc3T (<)

- O

where p is the air density, k and c are the shape parameter of Weibull (equ.4 and 5), and I is the gamma

function (equ.6)._In addition, the absolute percentage error (APE) is used to quantify the differences in

wind energy assessment based on different methods. The APE iswas calculated by:

|WPDRrp—WPDppym|
WPDgE

APE = * 100 % (8)

where WPDgr and WPDpm are calculated by the wind speed from RF and PLM, respectively.

4. Results and discussion

4.1 Intercomparison of WS120-wind speed using different methedsmethods.

Figure 4 shows the wind profile from different methods under different time. The red, black and blue

lines represent the mean wind speed from RS, PLM and RF, respectively. For the PLM, the retrieved

results below 80 m AGL are consistent with the RS observations. Gryning et al. (2007) also pointed

out that the wind profile based on surface-layer theory is valid up to a height of 50—80 m. Above 80 m

AGL, the wind speeds retrieved by PLM deviate from the RS observations. This deviation is increasing
with the height. The comparison results between PLM and RS at 120 m, 160 m and 200 m AGL (Fig.

5) are also confirmed it. This is due to the fact that above surface layer, the Coriolis force, baroclinity

and wind shear increase the complexity of the wind profile (Brimmer 1991). Moreover, most of

estimated results from PLM are underestimated when the observed WSiowind speed is high,
especially at 200 m AGL. Tthe reason is thatisis-due-te thee surface wind profileWWsS1oq is affected by

turbulence, surface friction and other factors (Tieleman 1992; Solanki et al., 2022). The turbulence
11
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caused by inhomogeneous underlying surface can change the wind direction and reduce the horizontal
wind speed (Coleman et al., 2021). Especially in coastal areas, the sea land interaction and complex
surface types make the variations of near surface wind profiles more complex. The sSimple
exponential relationship is unable to obtain the surface wind profileWSi2o with high accuracy,

especially at high wind speed condition. By comparison, the WS120, WS160 and WSaog retrieved from
RF are closer to RS observations. Compared with PLM, the R and RMSE between the observed W.S129

wind speed and the estimated-‘A/S120 wind speed from RF at three heights are significantly improved
(Fig. 5). F i i
the-RFis-the-best-model-to-retrieveWS120—This is due to the fact that tthe surface friction (FV), Fhese

results-indicate-that-considering-heat transfer (SHF) and high-heightattitude wind speed constraints
(WSsno) are considered in construction iaversienproecessof RF, which can improve the accuracy of the

model. Moreover, it notes that three RF models tend to slightly overestimate small values and

underestimate high values. Fhis-may-be-duetoThe reason is the small number of training samples at

high and low values, resulting in the reduction of RF model generalization. Overall, it can be seen from

the metrics of R and RMSE that the wind speedacedracy fromef RF models is better than that fromef
PLM.

In addition, for both PLM and RF, the retrieved wind profile at 2000 L STrighttime is closer to the RS
ebserved-observations. The comparisons between the observed wind speed and the estimated wind
speed for PLM and RS under different time is shown in Fig. S7. The fitting results of PLM and RF at
2000 LST are slightly higher than that at 0800 LST. It indicates that the performance of PLM and RF

vary with hour of the day. Thise is becausedue-te the wind profile depends not only on the surface
friction but also on the atmospheric stratification (Gryning et al., 2007). SineeThis-is-due-to-the-The

surface layer is in an unstable stratification due to heat transfer caused by solar radiation during

daytime, while the surface layer tends to stable stratification due to surface radiation cools during
nighttime (Yu et al., 2022: Solanki et al., 2022). The WS120, WS160 and WSooowind-speed WS1ap-isare

more vulnerable to the surface turbulence due to the unstable stratification during daytime. Therefore,

the performance of PLM and RF at nighttime is better than that at daytime.

Figure 6 shows the comparisons between the observed results ¥WSi2gand the estimated results WS12o
for fourmethodsPLM and RF under different season. The red, green, blue and black represent the

spring, summer, autumn and winter, respectively.—_At three heights, the performance of PLM is the

best in winter and the worst in summer. It shows that the performance of PLM is affected by seasonal
factors, which is-tikely due to the wind shear varying dramatically with season (Banuelos-Ruedas et
al., 2010). Pé&ez et al. (2005)Previous-study indicatesd that the surface layer wind speed profile is
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mainly affected by the convection produced by surface heating in summer—-{P&ezetal—2005). The
WS120-#sWS120, WS160 and WSy affectaffect by the surface due to the unstable stratification, which

leads that the PLM performs worst in summer. In contrast, during winter, the surface temperature is

generally lower than the air temperature aloft creating a stable inversion (Yu et al., 2022; Liu et al.,
2022). The WSi20, WSi60 and WS200 WSia0—isare disconnected from the surface due to stable
stratification. It leads that the PLM performs best in winter. As for RF, although the performancefitting

result in spring is slightly lower than that in other seasons,- the fitting results at four seasons are
significantly improved compared with the etherthree-methodPL Ms. This indicates that RF is least
affected by seasons. The reason is that the RF model is less subjective than PLM because they are data
driven. Overall, in terms of stability and accuracy, the RF is more suitable forthe-best-model-te
estimating wind speed at hub heightretrieve-WS.z.

4.2 Characteristies-Vertical profiles of wind speed at surface layer

Figure 78 shows the diurnal and seasonal variations of WSi20-, WS160 and W S00\WRB-at- Oingdaseight

stations. The diurnal and seasonal variations of wind speed at three heights are on average similar to

each other. From the perspective of daily variation, the WSi20-wind speed is larger at daytime from
0900 to 1600 LST, while is lower at nighttime from 0000 to 0400 LST. This daily cycle ef\WS120-is

mainly affected by the solar radiation and the sea-land breeze. On the one hand, the surface is heated

by solar radiation at daytime, warming the low-level air. The convection formed by rising warm air
mass results in high wind speed during the daytime. After sunset, the surface radiation cools and the
air layer tends to stabilize, resulting in a gradual decrease in wind speed (Liu et al., 2018). On the other
hand, the difference of specific heat capacity between sea and land can form the difference of thermal
properties between sea and land. The difference of air pressure is obvious, which is easy to form sea
land breeze (Li et al., 2020). Similar diurnal variations in 10 m wind speed arewere also observed at
three other stations in China (Liu et al., 2013). From the perspective of seasonal variation, the wind
speed seasenal-distribution-of-\WS120-is large inat spring and winter—andwinter and is low in summer

and autumn. This is due-tobecause the influence of East Asia Monsoon and Mongolian cyclones (Yu

et al., 2016). The large-scale synoptic systems in China have a relatively high occurrence frequency
during the cold season (spring and winter), which result in the higher wind speed than warm season

(summer and autumn) (Liu et al., 2019).

The histograms of WS120-, WS160 and W S200 With corresponding Weibull distributions at-eight-ceastal
stations-are plotted in Fig. 987. The blue bar and pink lines represent occurrence probability and

Weibull distributions, respectively. Moreover, the mean WsS:=-wind speed and Weibull distribution
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parameters for three heights al—eight—stations—are listed in Table 12. The occurrence
probabHityprobabilities of WS120-, WS160 and WSoo0 arets both the unimodal distribution, with a peak

probability in medium wind speed (about 5 m/s) and a low probability in high and low wind speed.
The mean WS120, WS160 and WS200 are 5.84, 6.26 and 6.57 m/s, whichwind-speed gradually increases
with heightat island stations is shightly higher than that at coastal land stations. This is due to {The
lower wind speed near the ground is caused by the influence of underlying surface roughness and
surface frictionatmespheric-stabibty—resulting—n the-lowerwind speed-near-the-grounddifference
between-sea-and-land-breeze-(Li et al., 2018; Li et al., 2020). In addition, there is a deviation between

the probability density function and the frequency of occurrence at some stations, which is due-te-the

fact-thatbecause Weibull distribution generally has a long tail effect or a right skewed distribution
(Pishgar-Komleh et al., 2015; Ali et al., 2018). Overall, the Weibull distribution matches with the
frequency of wind speed at all stations. Therefore, the Weibull distribution parameters can be applied

for the wind energy assessment.

4.3 Vertical profiles-of wind speed-at surfacetayerInfluence of wind speed from different methods on

WPD

Figure 9 shows the diurnal variations of WPD from PLM and RF at 120 m, 160 m and 200 m AGL.
The red solid and dotted lines represent the variation of WPD from RF and PLM, respectively. The
gray bar represents the absolute percentage error difference-(APEB) of WPD between RF and PLM.
The diurnal pattern of WPD from RF is simHartelike that from PLM. At three heights, t-the hourly
mean WPD is larger at daytime from 0900 to 1600 LST with a peak at 1400 £STanrdLST and is lower
at nighttime from 0000 to 0400 LST. On the contrary, the— APED is lower at daytime (0800 to 1800
LST) and larger at nighttime (2000 to 0600 LST). At 120 m, the mean APED at daytime and nighttime
areis 14.09 46% and 35.80 28%, respectively. Considering that the results from RF are underestimated
at high wind speed condition, the APEB of WPD between-the PLM and-the actual observation atin
daytime should be slightly greater than 14.09 26%. Moreover, the diurnal variations of APED at 160
m and 200 m AGL are-simiartogenerally resemble that-the features obtained at 120 m AGL.. But the
APED of WPD between RF and PLM increases with the height. These results indicate that the PLM
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is more suitable for wind energy assessment in the daytime, and the error of wind energy assessment

based on PLM is gradually increased as the height increases.

Figure 10 shows the monthly variations of WPD from PLM and RF at 120 m, 160 m and 200 m AGL.
The monthly variationpattern of WPD from RF is also similar to that from PLM. Tthe monthly WPD

is relatively high for the period from March to May, as compared to the lower values from June August

to October. At 120 m, the APEB is largest inat summer and is lowest atin winter. The seasonal APED

during spring, summer, autumn and winter are 23.65 %, 40.83 %, 19.67 % and 12.62 %, respectively.

The monthly variations of APEB at 160 m and 200 m are consistent with that at 120 m. It indicates

that the PLM is more suitable for wind energy assessment atin autumn and winter. In addition, the
APED during spring at 120 m, 160 m and 200 m are 23.65 %, 28.12 % and 34.22 %, respectively. Due
to the performance of RF model is the worst in spring, the APED of WPD between PLM and real value

during spring may increases. Jung et al. (2021) also finds that the global median absolute percentage

error in the wind energy estimations is 36.9% assuming the power law exponent being 0.14. Overall,

the PLM has some limitations in wind energy assessment above 100 m. When using PLM to evaluate

wind energy at high heightaltitude, it is necessary to pay attention to its errors. Moreover, the use of
RF model that takes into—accountthe —factors such as surface friction, heat transfer and high-

heightattityde wind speed constraints into account is suggested to evaluate wind enerqy-athigh-altitude.

5. Summary and conclusions

The traditional methods such as the pewertaw—-method{PLM) used to estimate wind speed at hub
height generally assume a constant exponent a in establishing the power law relationship between wind

speeds at surface and hub -height, which inevitably leads to large uncertainties. To confront this
challenge, tFhis study used-uses the randem-forest{RFIML algorithms to retrieve theevatuate WS1ogthe

wind-energy-reseurce-at-eight-coastal-stationswind profile based on the wind-speed-prefHeRWP and
surface meteorological data from May 2018 to August 2020. Mereover-the-aceuracy-wind-estimates

The comparison against observations indicates that the WWSi» estimateds from RF areis eloserto-the

observed—value-than-thatbetter than those from PLM, given- the Fthe-relative higher R (0.93 versus
15
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0.89) and smaller RMSE (1.09 m/s versus 1.50 m/s)-of RF-are-betterthanthe R{0-89) and RMSE(1.50
misy-of PLM-RF-medel-. MereoverParticularly, the performance of PLM declines with height.
Especially at 200 m, the R and RMSE betweenWS.o-fromeffrom PLM-and-ebserved-value isare
changed to 0.78 and 2.42 m/s, respectively. In contrast, the RF model maintains good accuracy at
different heights. The R (RMSE) for RF model at-126-m; 160 m and 200 m are-8:93-(1.69-ms}; 0.91

(1.29 m/s), and 0.91 (1.48 m/s), respectively. These results show that above the surface layer, the wind

speeds from PLM deviate from the observed value. The RF model is more suitable for retrieving the

hub height wind speed, wWhen the hub height is extended above the surface layer. Overall, the
aceuracy-of three RFME model shows advantages overs is-better-than-that-efthe traditional PLM. This
is probably-due-to-the factthatbecause the REMLE models wwell considers the influence of near-surface
environmental parameters, te—improve—aceuracy,—such as_friction velocity—FV¥ and charnock
coefficientCharete. Moreover, the heat transfer and high-heightaltitude wind speed constraints are also
considered in the construction of RF model. Based on the wind speed WsS100:-WS1e0-ane-WSa00-from

RF, the diurnal and seasonal variations of wind energy are then analyzed. The hourly mean WPD is
larger at-daytime-from 0900 to 1600 LST with a peak at 1400 LST. The WPD is relatively high atin
spring and winter, as compared to the lower values atin summer and autumn. Finally, the differences
of WPD between RF and PLM at different heights time-seales-are investigated. At 120 m, the mean
APED of WPD between RF and PLM at daytime and nighttime are 14.09 % and 35.80 %, respectively.
Moreover, the seasonal APED e-WPDbetween RFand-PEM-at 120 m is largest atin summer (40.83 %)
and is lowest atin winter (12.62 %). In addition, the mean APE at 120 m, 160 m and 200 m are 24.19 %,

27.99 % and 32.57 %, respectively. These results indicate that there are some errors in the wind energy

evaluation based on wind speed from PLM. Therefore, when retrieving high heightaltitude wind speed,

it is suggested to combine more observation or auxiliary data to build a more accurate model, such as

RF model. In the absence of other observation data, it is necessary to pay attention to the-is errors
when using PLM to evaluate wind energyspeedenergy at high heightaltitude. —

Our work ebtainsprovides a new pathway to fill the data gap of wind speed at the hub height for the

\VilaYa lalda' Q_comhranan a\ a a\ Na \AMINA anarn Qcn a NN
N TAR®, O IJ ci Ci G waw O

high capability of 3 , sehy A ,
the-coast-of China-using-the state-of-the-art ML algorithm, which prevides-lays a solid foundation
new-meaninvaluable-infermation-for more robustthe development-efwind energy assessmentindustry

in-thecoastalregions—of China—in-the-future. However, wind-energythe high-precision wind profile

estimate assessment-is only one part of the efficient utilization of wind energy resources. The cost of

wind turbines, topography conditions, ervirorment-harm;-and other factors also need more attention,

which deserves further investigation in the future.

16



500

505

510

515

520

525

Data Availability

The-RWP output data and codes used in this paper can be provided for non-commercial research

purposes upon motivated request (Jianping Guo, Email: jpguocams@gmail.com). The anemometer
data can be downloaded in http://www.nmic.cn/data/cdcdetail/dataCode/A.0012.0001.html, last

access: 15 November 2022. The RS data can be downloaded in

http://www.nmic.cn/data/cdcdetail/dataCode/B.0011.0001C.html, last access: 15 November
2022. The ERA5 data can be downloaded in

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-eras-single-levels?tab=overview.
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Tables:

Table 2-1 Statistics for the Weibull distribution of WSa20-, WS160 and WSzqo at-the-etght-stations-from
1 May 2018 to 31 August 2020.

Mean wind
Height speed Standard Weibull Shape Weibull Scale
(m)Station (m/s)WSis—  deviation (m/s) factor k factor ¢ (m/s)
{rfs)
120Bengying .845:54 2.54+ 2.47346 6.586-16
160Pengtai 6.265:27 2.59239 2.602:35 7.055:95
200Qingeae 6.575-86 2.80245 2.522:58 7.406-59
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observational-stations (red-dots)in-the-coast-of East-Chinaat Qingdao.
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Figure 3. Importance analysis of input-variables for RFthree model ats: (a) 120 mkNN, (b) 160
720  mSVM, and (c) 200 mRF.
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respectively. Corresponding color shading areas represent the standard deviation.
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Figure 5. Comparisons between observed ¥/S120-wind speed and estimated YA/S12c-wind speed for (a,

c,e)PLM and (b, d, f) RF at 120 m, 160 m and 200 m. based-on-the{a—eH-PEM (b KNN{eg;
K)-SVEM-and-{d-h—H-RF-medels-underdifferent-time—The gray and black line is the reference and

regression line, respectively. The color bar represents the data density. The asterisk indicates that the

correlation coefficient (R) has passed the t-test at a confidence level of 95%.
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Figure 6. Comparisons between observed wind speed and estimated wind speed for (a, b, ¢) PLM and
(d, e, f) RF at 120 m, 160 m and 200 mebserved-WS1op-and-estimated WS, 2o-based-en-the-(a)-PEM(b)
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(R) has passed the t-test at a confidence level of 95%.
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Figure 7. Monthly and diurnal cycles of (a) WSwsi20-, (b) WSi60 and (¢) WS200 from 1 May 2018 to
31 August 2020. Color bar represents the wind speed from RF model.
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Figure 8. Probability distribution and Weibull distribution of (a) WS120, (b) WS160 and (¢) WS200\WS120
at-the-eight-statiens from 1 May 2018 to 31 August 2020. The blue bar and pink lines represent
occurrence probability and Weibull distributions, respectively.
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Fig. 10. Similar to Fig. 9, but for the monthly variation.
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