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Abstract

Accurate wind resource assessment is essential for offshore wind energy development,
particularly in nearshore sites where atmospheric stability and internal boundary layers
significantly influence the horizontal wind distribution. In this study, we investigated wind
estimation methods using a high-resolution, 100 m grid Weather Research and Forecasting
(WRF) model and coastal onshore wind measurement data. Five estimation methods
were evaluated, including a control WRF simulation without on-site measurement data
(CTRL), observation nudging (NDG), two offline methods—temporal correction (TC) and
the directional extrapolation method (DE)—and direct application of onshore measurement
data (DA). Wind speed and direction data from four nearshore sites in Japan were used for
validation. The results indicated that TC provided the most accurate wind speed estimate
results with minimal bias and relatively high reproducibility of temporal variations. NDG
exhibited a smaller standard deviation of bias and a slightly higher correlation with the
measured time series than CTRL. DE could not reproduce temporal variations in the
horizontal wind speed differences between points. These findings suggest that TC is the
most effective method for assessing nearshore wind resources and is thus recommended
for practical use.

Keywords: wind resource assessment; nearshore; weather research and forecasting model;
on-site measurement; spatial extrapolation; offline method

1. Introduction
Accurate and precise wind resource assessments are essential as they form the basis for

energy yield assessments used in financial evaluations during the planning stage of wind
farms. In these assessments, on-site wind data measured at specific points (“measurement
point” or “reference point”) are spatially extrapolated to the position of planned wind
turbines (“target points”) based on wind fields simulated by a wind flow model, and during
the planning stage of a wind farm, the wind conditions within a radius of approximately
10 km around the reference point are estimated [1].

In recent years, the development of offshore wind farms in Japan has accelerated,
particularly in nearshore areas located just a few kilometers from the shoreline [2]. Due to
the high cost of constructing offshore meteorological masts, it is a common practice in the
early stages of development to conduct wind measurements onshore and extrapolate the
conditions to offshore target points using numerical simulation models.
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In typical wind resource assessment at onshore sites, conducting steady-state calcula-
tions for 12 or 16 directions using a computational fluid dynamics (CFD) model as a wind
flow model for wind resource assessment on land is standard practice. This is because the
dominant factors that cause spatial variations in the wind field on land are the topography
and surface roughness. Representative models include WAsP [3,4] in Europe, as well as
MASCOT [5,6] and RIAM-COMPACT [7] in Japan.

On the other hand, at nearshore sites, the effects of atmospheric stability and internal
boundary layers (IBLs), as well as the distribution of topography and surface roughness, are
predominant [8]. The formation and structure of IBLs in coastal regions have been studied
extensively for decades and are well-documented in the previous literature, including text-
books [8]. These studies have characterized the coastal IBL under both dynamical and ther-
modynamical influences. More recently, research into coastal discontinuities—including
but not limited to IBLs—has advanced through the use of mesoscale meteorological sim-
ulations, in addition to site measurements and wind farm operational data [9–16]. These
features influence wind structure in ways that CFD models—without thermodynamic
processes—cannot adequately simulate. Therefore, the use of the Weather Research and
Forecasting model (WRF) [17], a mesoscale meteorological model that can take into ac-
count thermodynamic processes, as a numerical simulation model for spatial extrapolation
would be valuable. In fact, several studies [6,14–16] have demonstrated the usefulness
of the mesoscale Weather Research and Forecasting (WRF) model, which incorporates
thermodynamic processes, in simulating nearshore wind conditions more accurately.

WRF has the advantage of being able to reproduce three-dimensional meteorological
fields and can generate time series data for wind speed and direction. However, WRF uses
large-scale meteorological fields as input and does not reference in situ measurements,
so the simulation result without intentional correction does not necessarily correspond
to actual wind conditions. This study proposes a technique that corrects WRF values at
offshore target points at each time step using the error vectors of WRF winds at the reference
point. This technique is referred to as the time correction method (TC) in this paper.

To verify the effectiveness of TC, we also examined two other methods that com-
bine WRF and in situ measurements, as well as two reference methods—one using WRF
simulation data as-is (CTRL) and another using in situ measurements as-is (DA).

One of the combined methods mimics the approach commonly used in many CFD
models. A CFD model outputs wind fields according to the direction of inflow, whereas
the WRF outputs time series data on wind speed and direction by reproducing the three-
dimensional meteorological field. Statistically processing the time series data output from
WRF makes it possible to extrapolate spatially based on the wind field for each wind
direction in the same way when the CFD model is used; this is referred to as the directional
extrapolation method (DE) in this study.

The other method is observation nudging (NDG), which is one of the data assimilation
techniques available in WRF [18]. This technique incorporates observational data into
the model calculations in real time. Several studies have investigated its effectiveness in
improving the accuracy of wind resource assessments [19,20]. Gryning et al. [19] showed
that the observation nudging method reduced the root mean square error (RMSE) of wind
speed; however, the impact on bias was minor. In this study, the reference (input) and
estimation points were the same; therefore, the effect of the observation nudging method
on the surrounding area was not investigated. Mylonas et al. [20] showed that the obser-
vation nudging method of multiple variables significantly improved model performance
regardless of atmospheric stability and reduced the RMSE by approximately 27%, in which
the distance between the reference and estimation points was approximately 140 km.
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The objective of this study is to establish a wind resource assessment method for
nearshore areas using high-resolution WRF simulations and coastal onshore measurements.
As a promising approach, TC is proposed and evaluated by comparing it with four other
methods. For the evaluation, measurement data from four Japanese nearshore sites, where
an offshore wind farm is planned to be installed, were used.

The remainder of this paper is organized as follows. In Section 2, the measurements
at four nearshore sites, the methods for estimating wind conditions at target points using
measurement data from the reference point and WRF, and the indicators used to evaluate
accuracy are described. Section 3 presents a comparison of the accuracy of wind condition
estimates obtained using different estimation methods. Section 4 discusses the relationship
between the reference and target points at the four nearshore sites. Section 5 presents
a summary of this research and discusses the practical applicability of the wind condi-
tion estimation method that integrates on-site measurements with WRF as well as future
research directions.

2. Materials and Methods
2.1. Sites and Measurement Data

In this study, we used data from wind measurement campaigns conducted at four
coastal sites in Japan. The locations of these sites are shown in Figure 1. Noshiro, Yuri-
Honjo, Sakata, and Mutsu-Ogawara are located in the Tohoku region in northern Japan.
The first three sites face the Sea of Japan, whereas Mutsu-Ogawara faces the Pacific Ocean.
Figure 2 illustrates the measurement points in each site. All of the sites are located along
the coastline and exhibit a clear land–sea contrast in terms of topography and surface
roughness. Table 1 presents the equipment, measurement heights, and installation details
for each point, and Table 2 provides the assignments of the reference point and target points
at the four sites for the examination cases. The information in Table 1; Table 2 is referred to
in the following descriptions of each site based on Figure 2.

(a) (b) 

  
Figure 1. (a) Overview of Japan. (b) Locations of four coastal sites in Japan where wind measurement
campaigns were conducted. The four sites are located in the red rectangle on the map on the left.
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(a) (b) 

  

(c) (d) 

  

Figure 2. Measurement points in each site: (a) Mutsu-Ogawara, (b) Sakata, (c) Noshiro, and (d) Yuri-
Honjo.
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Table 1. Measurement configuration. AMSL: Above Mean Sea Level.; VL: Vertical (Doppler) LiDAR;
SSL: Single Scanning (Doppler) LiDAR system; DSL: Dual Scanning (Doppler) LiDAR system;
DBS: Doppler Beam Swinging; RHI: Range Height Indicator; VAD: Velocity Azimuth Display; CW:
Continuous wave; PPI: Plan-Position Indicator; SR: Sampling Rate; LoS: Line-of-Sight.

Site Point Method Scan Equipment Specification and
Settings of Scan

Height Used
for Analysis
(from AMSL)

[m]

Installation
Situation

Mutsu-
Ogawara

St. A VL DBS Windcube V2.1

SR: 1 Hz
(0.8 s/pulses)

4 inclined beams at 28◦

and 1 vertical beam
Measured: 12 heights

50, 66, 87, 107,
127, 147, 167,

187, 207
On land

St. B VL DBS Windcube V2.1 Same as above 50, 120, 200 On breakwater

Sakata
LL VL DBS DIABREZZA

Measured: 20 heights
4 inclined beams at 30◦

and 1 vertical beam

51.5, 71.5, . . .,
211.5 On land

BL VL DBS DIABREZZA Same as above 53, 113, 173 On buoy

Noshiro

CMT Cup and
Vane - - SR: 1 Hz

Measured: 1 height 57.0
Installed

meteorological mast
on land

SL DSL RHI Windcube
200S×2

SR: 1 Hz
Included Angle: 42.3◦

Gate Length: 50 m
Measured: 3 heights

28, 115
On land, but

measuring offshore
point

VL VL VAD
(CW)

ZX LiDAR
300M

SR: 1 Hz
Measured: 3 heights

50 LoS/1 s at 30◦

Measured: 8 heights

26, 113 On breakwater

Yuri-Honjo

SVL VL VAD
(CW)

ZX LiDAR
300M

Same as above
Measured: 5 heights 40, 100, 160 On land

SSL SSL PPI StreamLine XR

SR: 1 Hz
Sector size: 60◦,

consisting of 5 LoS
Gate Length: 90 m

Measured: 3 heights

40, 100, 160
On land, but

measuring offshore
point

NSL SSL PPI StreamLine XR Same as above 40, 100, 160
On land, but

measuring offshore
point

Table 2. Assignments of each point in the verification in this study, the distance from the reference
point to the target point, and sample size. The distances between the shoreline and target point were
approximate values, excluding breakwaters from land classification. * For St. A at Mutsu-Ogawara
(Case 01–03), LL at Sakata (Case04–06), and SL and VL at Noshiro (Cases 07 and 08), the wind speed
and direction were vertically and logarithmically interpolated to match the objective heights.

Case Site Reference
Point Target Point

Height at
Reference and
Target Point
[m AMSL]

Distance Between
Reference and
Target Point

[m]

Distance Between
Shoreline and
Target Point

[m]

# of Sample

01 Mutsu-
Ogawara St. A * St. B

50
1604 1040 45,15702 120

03 200

04
Sakata LL * BL

53
3374 1380 18,11905 113

06 173

07
Noshiro CMT

SL * 57 4065 2750 28,09808 VL * 57 4290 520

09

Yuri-
Honjo SVL

SSL
40

2115 1750

29,955

10 100
11 160
12

NSL
40

11,890 204013 100
14 160
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Figure 2a illustrates the two measurement points surrounding the Mutsu-Ogawara
port in Aomori Prefecture. The coastline runs north–south, with the Pacific Ocean to the
east and hilly terrain to the west. Vertical LiDARs (VL; Windcube v2, manufactured by
Vaisala, headquartered in Vantaa, Finland) [21] were installed at two locations: one on the
western land side (St. A) and one on the breakwater (St. B). St. A, situated on a sandy beach,
was used as the reference point, while St. B, surrounded by open water, was treated as an
offshore point in this study. The distance between stations A and B is 1604 m. Regarding
data filtering at the two vertical LiDARs, it was performed based on the quality control
flags output by the LiDAR system. The verification period was one year, from 1 January to
31 December 2021, Japan Standard Time (JST).

Figure 2b shows two measurement points located in or near Sakata City, Yamagata
Prefecture, Japan. The coastline runs from north-northeast to south-southwest, with the Sea
of Japan to the west and flat plains to the east. Vertical LiDAR (DIABREZZA, manufucrured
by Mitsubishi Electric Corporation, headquartered in Tokyo, Japan) [22] was installed at
points on the northern land side (LiDAR-on-land point; LL) and the southern offshore side
(BuoyLiDAR point; BL). LL was located on a sandy beach along the coastline, with a coastal
windbreak forest situated on the landward side and BL, mounted on a floating buoy, was
situated at an offshore point. LL was used as the reference point and BL was used as the
target point. The distance between the LL and BL was 3374 m. Regarding data filtering
at the two vertical LiDARs, it was performed based on the quality control flags output by
the LiDAR system. The verification period was approximately five months, from 12:00 on
9 July 2018 to 00:00 on 13 December 2018, Japan Standard Time (JST).

Figure 2c depicts the three measurement points near Noshiro Port in the northern part
of Akita Prefecture. The coastline runs approximately north–south, with plains spreading
inland to the east. A meteorological mast was built in the central part of this site (referred
to as CMT), and the highest cup anemometer data were used in this study. The mast was
located on a sandy beach along the coastline, with a coastal windbreak forest situated on
the landward side. A vertical LiDAR (ZX300M, manufactured by ZX Lidars, headquartered
in Ledbury, United Kingdom) [23] was installed on the breakwater (VL). VL, surrounded
by open water, was treated as an offshore point in this study. Regarding data filtering
at the vertical LiDAR, it was performed based on the quality control flags output by the
LiDAR system. The other offshore point (SL) was measured using two scanning LiDARs
(Windcube 200S, manufactured by Vaisala, headquartered in Vantaa, Finland) installed
on land, forming a dual-scanning LiDAR system (DSL). This point was also treated as an
offshore point in this study. In this DSL measurement, the horizontal wind vectors were
reconstituted from two line-of-sight (LOS) wind speeds based on a previous study [24].
Specifically, the measurements by RHI scans were obtained at three heights, with 18 samples
per height acquired over each 1 min interval. After reconstruction, outliers exceeding ±3σ
from the mean were removed, and 10 min averages of wind speed and direction were
subsequently calculated. The CMT was used as the reference point, and the VL and SL
were used as target points. The CMT was located 4065 m and 4290 m from the SL and
VL, respectively. The period for verification was one year, from 1 August 2020, to 31 July
2021, JST.

Figure 2d shows the four measurement points located in and near Yuri-Honjo City
in the southern part of Akita Prefecture. The coastline also runs approximately north–
south, with hilly terrain inland to the east. A narrow plain area is located in the southern
part. The measurement equipment for the vertical LiDAR (ZX 300M) and scanning LiDAR
(streamline XR) were installed at an onshore point near the coastline on the south side (SVL),
and the measurement equipment for the scanning LiDAR (streamline XR, manufactured by
Lumibird, Lannion, France) was installed at another onshore point near the coastline on the
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north side. The vertical LiDAR at the SVL measured the wind at the installation point. SVL
was located on a sandy beach along the coastline, with a coastal windbreak forest situated
on the landward side. Regarding data filtering at SVL, it was performed based on the
quality control flags output by the LiDAR system. Single-scanning LiDARs at NVL and SVL
measured the wind at the NSL and SSL points (2 km offshore), respectively. These points
were treated as an offshore point in this study. Horizontal wind vector measurements
with single-scanning LiDAR were performed using the single-LOS reconstitution method
described in a previous study [25]. Specifically, the measurements by PPI scans were
obtained at three heights, with 12 samples per height acquired over each 10 min interval
(i.e., one sample every 15 s per height). After removing line-of-sight (LoS) data based on
SNR values and performing reconstruction, 10 min averages of wind speed and direction
were calculated. Only timestamps in which at least 7 samples were obtained at a given
height within each 10 min period were used in the analysis. This study used data from
these three points (SVL, NSL, and SSL); SVL was used as the reference point, and NSL and
SSL were used as the target points. The distances from the SVL to the SSL and NSL were
2115 and 11,890 m, respectively. The period for verification was one year, from 1 February
2020, to 31 January 2021, JST.

This study used a 10 min mean wind speed and direction, restricting the dataset
to timestamps that were valid at all points and heights used for verification at each site
to ensure comparability among cases within the same site. It is noted that, for St. A at
Mutsu-Ogawara (Case 01–03), LL at Sakata (Case04–06), and SL and VL at Noshiro (Cases
07 and 08), the wind speed and direction were vertically interpolated using the logarithmic
wind profile to match the objective heights.

2.2. Model and Methods to Estimate Time Series

This section provides an overview of the five estimation methods for wind speed and
direction verified in this study.

Table 3 shows an overview of the five methods.

Table 3. Five estimation methods.

Abbreviation Method
Material

SchematicMeasurement Model Results

CTRL WRF control simulation without
on-site measurement data ✓

 

NDG Online method Observation
nudging ✓ ✓
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Table 3. Cont.

Abbreviation Method
Material

SchematicMeasurement Model Results

TC

Offline method

Temporal
correction

method
✓ ✓

 

DE

Directional
extrapolation

method
✓ ✓

DA Directly Apply a time series at
reference point ✓

 

(a) WRF control simulation without on-site measurement data (CTRL)

The first estimation method was a control simulation using a mesoscale meteorological
model without onsite measurement data (CTRL). In this study, WRF (version 3.8.1/4.1.2)
was used as a mesoscale meteorological model. WRF is a non-hydrostatic and fully com-
pressible model that is commonly used in wind condition surveys of wind energy. Table 4
presents the configurations of WRF used in this study, which are common for methods
(b)–(d) described below. This configuration is based on the NeoWins Project and related
studies [6,16,26]. The continuous calculation period was half a month (17 days at most),
including the span of the spin-up, which was 1 day. The differences between the previous
project and this study are that the surface roughness [26], the calculation period (monthly
to half-monthly), and the input of the meteorological (JMA ((Japan Meteorological Agency)-
MANAL (Meso Analysis) to JMA-LFM (Local Forecast Model)) and sea surface temperature
data (MOSST (MODIS-based Sea Surface Temperature) to OSTIA (Operational Sea Surface
Temperature and Sea Ice Analysis)) were adjusted. As shown in Figure 3, the model do-
mains were set for each objective site. The horizontal grid spacing was refined from 2.5 to
0.1 km resolution by a factor of five through two nested domains.

Table 4. Common configuration of all calculations by WRF.

Model Version WRF (ARW: Advanced Research WRF)
V3.8.1 (Noshiro, Yuri-Honjo)/4.1.2(Sakata, Mutsu-Ogawara)

Input data
Met JMA-LFM (1 hourly, 0.02◦ × 0.025◦)

Soil NCEP FNL (National Centers for Environmental Prediction Final
Operational Global Analysis) (6 hourly, 1◦ × 1◦)

SST Met Office OSTIA (Daily, 0.05◦ × 0.05◦)

Terrain data
Elevation

METI (Ministry of Economy, Trade and Industry (Japan)), NASA
(National Aeronautics and Space Administration), ASTER-GDEM

(Advanced Spaceborne Thermal Emission and Reflection
Radiometer Global Digital Elevation Model)

Land use MEIT, MLNI (Ministry of Land, Infrastructure, Transport and
Tourism (Japan)) land use subdivision mesh

Roughness Table Based on JMA but Mixed Forest (3.0 m by JMA) is 2.0 m in only
Noshiro and Yuri-Honjo

Grid spacing
d01 2.5 km
d02 0.5 km
d03 0.1 km
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Table 4. Cont.

Model Version WRF (ARW: Advanced Research WRF)
V3.8.1 (Noshiro, Yuri-Honjo)/4.1.2(Sakata, Mutsu-Ogawara)

Vertical levels 40 layers (Surface to 100 hPa)

Physics options

Shortwave Dudhia scheme
Longwave Rapid Radiative Transfer Model scheme

Microphysics Ferrier (new Eta) scheme
Planetary Boundary Layer Mellor-Yamada-Janic (Eta operational) scheme

Surface layer Monin-Obukhov (Janic Eta) scheme
Land surface Noah Land Surface Model scheme

Cumulus Parameterization Kain-Fritsch (new Eta) scheme (only d01)

FDDA
d01 Enabled (u, v, θ, q)

d02, d03 Enabled (u, v, θ, q) above the thirteen layers (about 2 km)

 

(a) (b) 

  

(c) (d) 

  

Figure 3. Simulation domains by WRF: (a) Mutsu-Ogawara, (b) Sakata, (c) Noshiro, and (d) Yuri-
Honjo. The entire figure is d01, the site surrounded by white lines is d02, and the site surrounded by
red lines is d03.
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Table 5 shows the calculation period and number of calculation grids.

Table 5. Unique configuration of each calculation by WRF.

Site
Period

(Not Including the Spin-Up Period)
Grid

d01 d02 d03

Mutsu-Ogawara 1 January 2021–31
December 2021 (1 year) 100 × 100 100 × 100 130 × 150

Sakata 1 July 2018–31 December
2018 (6 months) 100 × 100 100 × 100 120 × 120

Noshiro 1 August 2020–31 July 2021 (1 year) 100 × 100 100 × 100 90 × 210

Yuri-Honjo 1 February 2020–31
January 2021 (1 year) 100 × 100 100 × 100 110 × 390

The time series of CTRL was created by extracting the wind speed and direction
at the target point and height by spatially interpolating the grid point data from the
results simulated by WRF. Specifically, the four grid points surrounding the target point
are logarithmically interpolated to the target height and bilinearly interpolated to the
target point.

(b) Online method: observation nudging (NDG)

The second method integrates onsite measurement data into a WRF simulation using
observation nudging (NDG). Observation nudging is one of the simplest data assimilation
methods for improving the background field or first guess. One FDDA option was imple-
mented within WRF [17,18]. It has been used for improving weather forecasting accuracy
and for reanalysis purposes. In this study, observation nudging is called an “online method”
as it entails correcting calculated values “On the Line” of a calculation.

In the observation nudging process, the model is locally forced toward the correspond-
ing observation at each time step using an additional tendency term as follows:

∂aµd
∂t

(x, y, z, t) = Fa(x, y, z, t) + µdGa
∑N

i=1 W2
a (i, x, y, z, t)[a0(i)− am(xi, yi, zi, t)]

∑N
i=1 Wa(i, x, y, z, t)

(1)

where a represents the quantity being nudged (u and v are wind components in this study);
µd represents the mass of the dry air in the column; Fa represents the physical tendency
terms for a; Ga represents the nudging strength for a; N represents the total number of
observations; i represents the index to the current observation; and Wa represents the
spatiotemporal weighting function based on the settings of nudging coefficient, horizontal
and vertical radii, and time window.

The observation nudging configurations used in this study are presented in Table 6.
Regarding the nudging coefficient, which is typically set to range from 10−4 to 10−3 to
avoid degrading internal mesoscale variability in the model [27], the authors considered
using a default value of 0.6 × 10−3 and a larger nudging coefficient than the final value
of 1.2 × 10−3 used in this verification; however, the default value nudged less effectively
than 1.2 × 10−3, and in certain cases, the calculation diverged when the value exceeded
1.2 × 10−3; therefore, the authors adopted 1.2 × 10−3, which can be computed stably.
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Table 6. Common configuration of the observation nudging method.

Variable Setting

Valid domain d03

Input (Reference) data u- and v-components converted from 10 min
horizontal mean wind speed and direction

Nudging coefficient 1.2 × 10−3

Horizontal radius of influence 20 km
Half-period time window 6 min 40 s

Table 7 presents the measurements used as input and the vertical radius of influence
of the nudge in the simulation for each site. The process for extracting simulation results is
the same as that for CTRL. The vertical radius of influence was approximately equal to the
measurement interval if the input was multi-height; otherwise, it was approximately 60 m.
All non-missing measurements were used as input data for this method.

Table 7. Unique configuration of the observation nudging method in each site.

Case Site Reference Point (Its Height
[m AMSL])

Vertical Radius of Influence [m]
(Convert Sigma Levels Grid into Meter)

01–03 Mutsu-Ogawara St. A (50, 66, 87, 107, . . ., 207) About 20
04–06 Sakata LL (51.5, 71.5, . . ., 211.5) About 20
07–08 Noshiro CMT (57) About 60
09–14 Yuri-Honjo SVL (40, 100, 160) About 60

(c) Offline method: Temporal Correction method (TC)

Methods (c) and (d) estimated the wind conditions at the target point using the
relationship between the measurement data and WRF-simulated results at the reference
point after completing the WRF calculation. In this study, these methods are called the
“offline method” in contrast with the “online method.” This study examines two dominant
offline methods.

The first offline method is the temporal correction (TC) method. This method can
be regarded as “correction” of wind vector error between the measurement data and the
WRF-simulated result at the reference point for each timestamp. This method allows for
incorporating the temporal evolution of both the WRF’s spatial structure and its simulation
errors. The formulae for TC (Figure 4) are as follows:

VEST
tgt (x, y, z, t) = VWRF

tgt (x, y, z, t) + ϵref

(
xre f , yre f , zre f , t

)
(2)

ϵref

(
xre f , yre f , zre f , t

)
= α ∆Vref

(
xre f , yre f , zre f , t

)
= α

(
VOBS

re f

(
xre f , yre f , zre f , t

)
− VWRF

re f

(
xre f , yre f , zre f , t

))
(3)

where V represents the horizontal wind vector (10 min values in this study); x, y, z
represents the coordinate point of a target point; xre f , yre f , zre f represents the coordinate

point of a reference point; t represents a timestamp; VEST
tgt represents the estimation result

at the target point; VWRF
tgt represents the model result at the target point; ϵref represents

the correction term; α is the weighting coefficient; and ∆Vref represents the error vector
between the observation VOBS

re f and model result VWRF
re f at the reference point. Although

the weighting function α should ideally be a function of spatial variables, its functional
form has not yet been well established owing to a lack of sufficient empirical validation.
Therefore, in this study, α was set to 1. This implies that the wind vector error is assumed
to be spatially homogeneous over the objective site. TC can estimate wind direction as well
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as wind speed, as it considers two components of wind speed. Notably, TC corresponds to
implementing observation nudging after the completion of the WRF calculation.

 

Figure 4. Schematic illustrating TC application.

In this method, the reference height at the reference point and the target height at the
target point were set to the same value.

(d) Offline method: directional extrapolation method (DE)

The second method involves the use of an offline method to apply feature values
for each wind direction. This method is generally used to spatially extrapolate CFD. The
authors examined the formulae shown in a previous study [28,29] as follows:

UEST
tgt (x, y, z) = UOBS

re f · CWRF
U

(
x, y, z, θOBS

re f

)
(4)

CWRF
U (x, y, z, n) =

UWRF
tgt (x, y, z, n)

UWRF
re f

(
xre f , yre f , zre f , n

) (5)

CWRF
U

(
θOBS

re f

)
= CWRF

U (n) + a
(

CWRF
U (n + 1)− CWRF

U (n)
)

(6)

θEST
tgt (x, y, z) = θOBS

re f + ∆θWRF
(

x, y, z, θOBS
re f

)
(7)

∆θWRF(x, y, z, n) = θWRF
tgt (x, y, z, n)− θWRF

re f

(
xre f , yre f , zre f , n

)
(8)

∆θWRF
(

θOBS
re f

)
= ∆θWRF(n) + a

(
∆θWRF(n + 1)− ∆θWRF(n)

)
(9)

a =
θOBS

re f − θWRF
re f (n)

θWRF
re f (n + 1)− θWRF

re f (n)
(10)

θOBS
re f ∈

(
θWRF

re f (n), θWRF
re f (n + 1)

)
(11)

where U represents wind speed, θ represents wind direction, CWRF
U and ∆θWRF represent the

wind speed ratio and the change in wind direction between the target and reference points,
respectively, and n (= 0 − 15) and n + 1 denote the two adjacent wind sectors determined
by the measured wind direction at the reference point. Each index n corresponds to
a specific wind direction: 0 or 16 represents 0◦ (N), 1 represents 22.5◦ (NNE), and 15
represents 337.5◦ (NNW). a represents a proportional coefficient for linear interpolation
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to CWRF
U and ∆θWRF between two adjacent wind direction sectors of wind direction at

reference point, and the subscripts are the same as those in Formulas (2) and (3). This
method can be interpreted as the multiplication of the wind speed ratio and the addition of
the wind direction, both defined between the target point and the reference point based
on the model results, and applied as a scale and offset to the measurement data at the
reference point.

In this method, the reference height at the reference point and the target height at the
target point were set to the same height as in method (c), TC.

(e) Direct-application method (DA)

The fifth method is the direct use of the measurement data of the reference point as
estimates of the target point without any correction. This approach implicitly assumes that
the wind conditions at the reference and target points are identical, without accounting
for any spatial heterogeneity between the points. In this method, the reference height at
the reference point and the target height at the target point were set to the same height.
Even though this method is not practically used, a comparison of the accuracy of this
method and those involving the other four methods which use model results can be used
to demonstrate the effectiveness of “spatial extrapolation” by WRF.

2.3. Evaluation Parameters
2.3.1. General Key Performance Indicators (KPIs)

In this section, the authors describe the statistical verification indicators used in this
study. First, the authors defined the model error as described in a previous study [7].

e(t) = P(t)− O(t) (12)

where P(t) is the estimation and O(t) is the measurement for each timestamp, t.
The bias (mean error) was the average of each timestamp error between the estimated

and true values, and the relative bias was the bias divided by the mean of the true values.

Bias =
1
n

n

∑
i=1

ei (13)

Relative Bias [%] =
Bias

1
n ∑n

i=1 Oi
× 100 (14)

where ei is the error between the estimation and measurement at the target point and n is
the sample size.

The root mean square error (RMSE) and relative RMSE have been widely used to
evaluate the accuracy of model reproducibility in meteorology [30]. The RMSE is expressed
as follows:

RMSE =

√
1
n

n

∑
i=1

e2
i (15)

Relative RMSE [%] =
RMSE

1
n ∑n

i=1 Oi
× 100 (16)

Carbon Trust Offshore Wind Accelerators (OWA) provide key performance indicators
(KPIs) to assess the maturity of floating LiDARs and the substitutability of offshore meteo-
rological masts [31]. This study also evaluated KPIs. The wind speed KPIs are the slope
and coefficient of determination of a single-variant regression, with the regression analysis
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constrained to pass through the origin (y = mx + b; b = 0). The slope a and coefficient of
determination R2 [32] are expressed as follows:

a =
∑ xiyi

∑ x2
i

(17)

R2 = 1 − ∑(yi − ŷi)
2

∑(yi − y)2 (18)

where xi is an independent variable, yi is a dependent variable, ŷi is an estimate using
regression, and y is the mean value of yi.

The wind direction KPIs are the slope and coefficient of determination of a single-
variant regression with an intercept (y = mx + b). The slope a and intercept b are expressed
as follows:

a =
Σ(xi − x)(yi − y)

Σ (xi − x)2 (19)

b = y − ax (20)

The coefficient of determination R2 is expressed in Equation (18).
Additional processing was applied to the wind direction when the indicators were

applied. This is because the absolute value of the error between the estimation and measure-
ment for verification can exceed 180◦. If the error between the estimation and measurement
at a certain time was 180◦ or more, the estimation was subtracted by 360◦; conversely, if
the error was less than −180◦, the estimation was added to 360◦ and then each indicator
was calculated.

The combination of bias, slope, and intercept of the regression line, as well as the
combination of RMSE and R2, represents statistical indicators with similar characteristics
within their respective combinations. However, because these indicators are commonly
used, all of them were adopted in this study.

2.3.2. Wind Speed Difference Between Reference and Target Points

The role of the wind flow model is spatial extrapolation, or more specifically, accurate
estimation of the wind field between a reference point and the target point. Hence, owing
to the importance of evaluating the relationship between the average wind speeds at a
reference point and the target point in the accuracy assessment, the wind speed ratio γ

and wind speed difference δ between a reference point and the target point are expressed
as follows;

γ =
Utgt

Ure f
(21)

δ = Utgt − Ure f (22)

The reason for comparing both the wind speed ratio γ and the wind speed differ-
ence δ is to avoid an evaluation strongly dependent on the characteristics of the method.
Specifically, the wind speed ratio between the reference and target points appears in the
DE formula, whereas the vector difference in the wind speed between the reference and
target points appears in the NDG and TC formulas.

3. Results
In this study, the measured data at the target (or reference) points were used as true

values, whereas the estimated values from the five methods served as validation values.
Figure 5 presents density scatter plots comparing the measured wind speeds and wind
speeds estimated by the five methods at St. B (Mutsu-Ogawara), SL (Noshiro), and NSL
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(Yuri-Honjo). This figure is included for illustrative purposes and to aid in the interpretation
of the KPIs used in the evaluation.

 

Case 02 Mutsu-Ogawara 120 m 

 

Case 07 Noshiro SL 57 m 

 

Case 13 Yuri-Honjo NSL 100 m 

 

Figure 5. Scatter density plots of estimated values versus true values (measured) for each method.
The vertical axis represents the estimated values, the horizontal axis represents the measured values,
the colors indicate scatter density, the red lines indicate single regression lines without the intercept
and the black lines indicate y = x.

This section presents the results of the evaluation of the time series of wind speed
and wind direction at 14 target points at four sites, as introduced in Section 2.1, using the
five methods described in Section 2.2, based on the KPIs outlined in Section 2.3. Tables A1
and A2 in Appendix A provide all KPIs for each method at the 14 target points introduced in
Section 2.3.1. Section 3.1 presents an analysis of the statistical properties. In Section 3.2, the
relationship between one of the KPIs, the bias, and the differences in wind speed between
the reference and target points were examined, and in Section 3.3, the KPIs, considering the
characteristics of each site, were analyzed.

3.1. KPIs of Estimation Time Series by Five Estimation Methods

This section shows the KPIs of the five methods described in Section 2.2 to evaluate
their accuracy. Figure 6; Figure 7 show the average values and their variation as statistical
results of the accuracy indicators for wind speed and wind direction, respectively.
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Figure 6. Statistics of (a) relative bias, (b) relative RMSE, (c) slope, and (d) R2 for wind speed estimates
compared to the true values at four sites. The vertical axis represents each statistic, and the horizontal
axis indicates the estimation methods. Each blue plot shows individual cases, the red points indicate
the mean, and error bars represent the range of µ ± 1.28σ.

First, the statistical values of wind speed bias are shown in Figure 6a. CTRL, which
uses only WRF, had a mean value of −1.3% and a standard deviation of 3.5%. In contrast,
DA, which uses only measurement data, had a mean value of −5.0% and standard deviation
of 4.6%. The relatively large negative mean value indicated that the average wind speed at
the offshore target points was higher than the average wind speed at the reference points
near the coastline. In coastal sites, accurately estimating the difference in the average wind
speed is essential. Subsequently, CTRL was compared with three estimation methods
(NDG, TC, and DE) that used both the measurement data and WRF. For CTRL and NDG,
the mean values were −1.3% for CTRL and −1.9% for NDG, with CTRL being closer to 0.
However, the standard deviation of NDG (2.8%) was smaller than that of CTRL (3.5%). For
CTRL and TC, TC had a mean value (0.0%) closer to 0 and a smaller standard deviation
(2.6%) compared to CTRL. For CTRL and DE, the mean value of DE (0.8%) was closer to
zero, but the standard deviation (3.8%) was relatively large. Therefore, TC showed the
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smallest mean bias and standard deviation, suggesting that it had the highest probability
of approaching 0% bias.

Figure 7. Statistics of (a) bias, (b) RMSE, (c) slope, and (d) R2 for wind direction estimates compared
to the true values at four sites. The vertical axis represents each statistic, and the horizontal axis
indicates the estimation methods. Each blue plot shows individual cases, red plots indicate the mean,
and error bars represent the range of µ ± 1.28σ.

Second, the statistical values of the slope of the regression line of the wind speed
are shown in Figure 6c. All methods tended to underestimate the slope, but the relative
relationship between the methods showed a trend similar to that of the bias. In terms
of the mean, DE was closest to 1; however, considering its variation, TC had the highest
probability of approaching 1.

Third, the statistical values of the coefficient of determination (R2) for the wind speed
regression line are shown in Figure 6d. CTRL had a mean value of 0.73 and a standard
deviation of 0.05, while DA had a mean value of 0.88 and a standard deviation of 0.08. Al-
though CTRL is the WRF calculation result at the target points and DA is the measurement
data at the reference points, DA clearly had higher values, indicating that the temporal
variation at the reference points was closer to the measurement data at the target points
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than the temporal variation from WRF. Subsequently, CTRL and DA were compared to
three other methods (NDG, TC, and DE). The mean R2 values for these methods were
significantly higher than those for CTRL, demonstrating their effectiveness in improving
the reproducibility of time series when incorporating measurement data. NDG had lower
values than DA, whereas TC and DE were comparable to DA. Comparing the three meth-
ods (NDG, TC, DE), the mean R2 values were in the order of DE (0.89), TC (0.87), and
NDG (0.83), while the standard deviations were in the order of NDG (0.04), TC (0.07), and
DE (0.08). Although DE had the largest mean R2 value, it also had the largest standard
deviation. Conversely, NDG had the smallest mean R2 value and standard deviation. TC
fell between NDG and DE, but its values were closer to DE than NDG. Therefore, DE and
TC captured temporal variations relatively accurately in the three methods.

Fourth, the statistical values of the RMSE of wind speed are shown in Figure 6b.
Regarding the RMSE, the relative relationship between the methods followed a trend
similar to that of the R2, with DE having the smallest mean value.

The KPIs for wind direction are shown in Figure 7. The wind direction bias was small
across all methods, with mean values ranging from 0.9◦ to 3.2◦, suggesting that its impact
on the practical estimation accuracy of power generation was negligible, regardless of the
method used. However, DA had the smallest mean bias, closest to 0 at 0.9◦, and a mean
coefficient of determination of 0.94, comparable to those of TC and DE. This indicates that
for the sites used in this analysis, the difference in wind direction between a reference point
and the target point was small and did not significantly affect the estimation accuracy.

In this section, the KPIs for the wind speed and wind direction are compared across the
five methods. For wind speed bias, TC demonstrated the best results, showing the smallest
bias and standard deviation. Additionally, in terms of the coefficient of determination (R2),
TC and DE exhibited high values, capturing temporal variations relatively accurately. DA
exhibited the highest accuracy for wind direction estimation; however, the other methods
also achieved an accuracy level within the range required for practical applications.

3.2. Accuracy of Wind Speed Difference Between Reference and Target Points

In the previous section, the estimation accuracies at the target points were discussed.
However, in actual wind condition estimations, the spatial distribution of the wind condi-
tions needs to be reproduced. Therefore, it is important to accurately reproduce not only
the wind speed at the target points but also the wind speed at the reference points and the
horizontal wind speed relationship between a reference point and the target point.

First, Figure 8 shows the relative wind speed (referred to here as “relative wind speed”
for convenience), calculated by subtracting the average wind speed of the reference point’s
measurement data from the average wind speed estimated by each of the five methods for
both a reference point and the target point. The horizontal axis represents the reference
and target points and the vertical axis represents the relative wind speed. CTRL and NDG
had relative wind speeds that were not 0 m/s at the reference point, whereas TC and
DE had relative wind speeds that were 0 m/s at the reference point. These differences
reflected the characteristics of each method. In other words, when interpreting the bias
at the target point, the biases of CTRL and NDG were composed of two elements: the
bias at the reference point and the reproducibility of the horizontal wind speed difference,
whereas the biases of TC and DE were composed of only the latter. The KPIs of CTRL and
NDG at the reference points are presented in Tables A3 and A4 in Appendix A.
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Figure 8. Variation in the relative mean wind speed of each estimation method at the reference and
target points relative to the measured mean wind speed at the reference point. The horizontal axis
represents the reference point (Ref) and the target point (Tgt), the vertical axis represents the relative
mean wind speed of each estimation method between the reference point and the target point relative
to the measured mean wind speed at the reference point, the colors indicate the estimation methods,
and each figure corresponds to a specific estimation site and its height—a case.

Second, the results of the accuracy verification for the differences and ratios of the
average wind speeds between the reference and target points using the indicators described
in Section 2.3.2 are presented. Figure 9 shows the scatter plots of the horizontal wind speed
differences and ratios, with measured values and those estimated using the four methods
(excluding DA).

Figure 9. Scatter plot and single regression line of wind speed difference estimated by each method
to that of the measured wind speed. The vertical axis is the wind speed difference estimated by each
method, and the horizontal axis is the measured wind speed difference. The color represents each
method, the colored line is the corresponding simple regression line, the dot is the site and target
point and the gray line represents y = x.



Wind 2025, 5, 17 20 of 31

Table 8 presents their statistical values. In Figure 9, the horizontal axis represents the
true values based on measurement data, the vertical axis represents the estimated values
for each method, the colors indicate the methods, each plot represents a case, and the
line represents the regression line. Section 2.3.2 mentions that evaluations based on both
differences and ratios aim to avoid method dependency; however, because both results
were similar, this section focuses on the results for wind speed differences. The correlation
coefficients of the regression lines for each method were sufficiently high (≥0.89), revealing
a clear relationship between the true values and estimates for each method. For CTRL, the
slope of the regression line was 1.22, and the intercept was −0.08. Examining its individual
cases revealed that three cases with relatively large horizontal wind speed differences
showed a clear tendency toward overestimation. These cases were at low heights, and in
order of the magnitude of the horizontal wind speed difference, they were St. B (Mutsu-
Ogawara), SL (Noshiro), and VL (Noshiro). Comparing the slopes of the regression lines
for each method, TC (1.12) was the closest to 1. Among the other methods, CTRL (1.22),
NDG (1.25), and DE (1.38) followed in descending order of proximity to 1. Additionally, the
intercept of TC’s regression line was −0.04, the closest to 0, indicating the highest accuracy
by considering the results of the slope. For the three cases with clear overestimation for
CTRL, described above, the differences between methods were also relatively large and TC
was the closest to the true value.

Table 8. Slope, intercept, and correlation coefficient of the regression coefficient for each method in
Figure 9.

Diff. Ratio

Method Slope Intercept R Slope Intercept R

CTRL 1.22 −0.08 0.90 1.32 −0.34 0.91
NDG 1.25 −0.06 0.88 1.35 −0.36 0.90

TC 1.12 −0.04 0.89 1.13 −0.14 0.92
DE 1.38 −0.08 0.89 1.38 −0.39 0.90

To illustrate this characteristic in detail, Figure 10 shows the frequency distributions of
10 min horizontal wind speed differences at each case. The horizontal axis represents the
10 min horizontal wind speed differences, while the vertical axis represents the frequency of
occurrence. This figure shows that all 10 min horizontal wind speed differences reproduced
by the four methods (CTRL, NDG, TC, and DE) had peaks in the positive range. However,
the true values (OBS) based on the measurement data exhibited peaks closer to 0 m/s at
most cases, with a relatively flatter distribution, indicating that the horizontal wind speed
has a certain time variation. Among the four methods, DE exhibited a noticeably higher
kurtosis and occurrences below 0 m/s were rarely observed in several cases. This suggests
that when the reference point is located onshore near the coastline and the target point
is offshore, applying wind speed ratios by direction alone may not adequately reflect the
actual horizontal wind speed differences in terms of time variation. Conversely, WRF is
characterized by its ability to reproduce time series, suggesting that applying temporal
horizontal wind speed differences is superior to applying directional statistical metrics in
reproducing horizontal wind speed differences. However, even the three methods—CTRL,
NDG, and TC—exhibited relatively high kurtosis in their distributions compared with the
observational values, indicating room for improvement in reproducibility.
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Figure 10. Comparison of mean wind speed difference frequency distributions across methods at
each point and height. The vertical axis represents the frequency (%) of mean wind speed difference
occurrences in 0.1 m/s bins (the scale of the vertical axis differs between plots), the horizontal axis
shows the mean wind speed difference (m/s), the colors indicate estimation methods, and each figure
corresponds to a specific estimation site and its height—a case.

In this section, the relationship between the wind speeds at the reference and target
points was examined. First, NDG and CTRL were observed to include reference point
biases that were not included in TC and DE. TC demonstrated the highest accuracy in
reproducing wind speed differences, with the slope of the regression line being closest
to the true value, followed by NDG, CTRL, and DE. It was suggested that DE, with its
high kurtosis in the 10 min averaged wind speed difference distribution, may be limited in
accurately capturing the actual horizontal wind speed differences.

3.3. Evaluation of KPIs That Consider the Characteristics of Each Site

Generally, wind condition estimation methods that use both measurement values
and WRF models (in this study, NDG, TC, and DE) yield increased uncertainty in wind
condition estimation as the relationship between the reference and target points weakens.
In Figure 5, the distances between a reference point and the target point for these three
locations are ordered as St. B (Mutsu-Ogawara), SL (Noshiro), and NSL (Yuri-Honjo),
and the dispersion of the plot and R2 for NDG, TC, and DE tended to decrease. These
considerations confirm the need for accuracy evaluations based on the relationship between
a reference point and the target point. While the explanation above was simplified using
distance alone, various factors such as the surrounding terrain influenced the relationship.
Therefore, in this study, the correlation coefficient based on the measured 10 min average
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wind speeds between a reference point and the target point was adopted as an indicator
to represent their relationship. The relationship between the correlation coefficient and
distance is discussed in Section 4.

The relationship between the correlation coefficient and the coefficient of determina-
tion between a reference point and the target point was evaluated. The results are shown
in Figure 11 and the corresponding statistics are presented in Table 9. The horizontal axis
represents the correlation coefficient between a reference point and the target point of
the measured wind speed, the vertical axis represents the coefficient of determination of
wind speed for each estimation method, the colors indicate the different methods, and
the plots represent the individual cases. The mean values for bins with a width of 0.05
(0.85–0.90, 0.90–0.95, 0.95–1.00, 1.00) are shown as circular markers and bars, with the error
bars of the bars indicating the range of 1.28σ. The number of cases in each bin was 2,
5, 7, and 10, respectively, from the bin with the smallest correlation coefficient. Notably,
the number of cases was small, particularly for the bin with a minimum value of 0.85.
Additionally, the bin with a correlation coefficient of 1.00 represents the estimation results
for the reference points.

Figure 11. Scatter plot and its bin’s mean values and standard deviation for R2 of estimation accuracy
of wind speed to the coefficient of determination between reference and target points of the measured
wind speed. The vertical axis is R2 of estimation accuracy of wind speed, and the horizontal axis is the
R between reference and target points of the measured wind speed. The color represents the method,
the shape of the dot is the target point, the colored line and the colored bar are the corresponding bin
mean, and the error bar of the colored bar is the corresponding bin in the range of µ ± 1.28σ.

The mean value of CTRL, which is independent of the correlation coefficient between
the reference and target points, showed values within a similar range (0.70–0.74) across
all bins. The average coefficient of determination (R2) for each method was compared
across bins. In the 1.00 bin, DA, DE, and TC had an R2 of 1 because the reference point
was the target, and the reference and estimated values matched. NDG (0.85) was clearly
higher than CTRL (0.72). In the 0.95–1.00 bin, DA and DE showed similarly high R2

values (both 0.94), TC had a slightly lower value (0.92), and NDG had an even lower value
(0.85). In the 0.90–0.95 bin, the three methods, DA (0.85), DE (0.87), and TC (0.85), showed
little difference, and the gap between NDG (0.81) and the other three methods decreased.
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Furthermore, in the 0.85–0.90 bin, NDG had the highest R2 value (0.77), whereas DA (0.74),
DE (0.73), and TC (0.73) had slightly lower R2 values.

Table 9. Statistics for each method in Figure 11.

Bin of R 0.85–0.90 0.90–0.95
# of Cases 2 5

Method CTRL NDG TC DE DA CTRL NDG TC DE DA

Mean [%] 0.70 0.77 0.73 0.73 0.74 0.71 0.81 0.85 0.87 0.85
Std.Dev. [%] 0.01 0.02 0.02 0.04 0.02 0.05 0.03 0.04 0.04 0.03

Bin of R 0.95–1.00 1.00 (Only reference points)
# of cases 7 10

Method CTRL NDG TC DE DA CTRL NDG TC DE DA

Mean [%] 0.74 0.85 0.92 0.94 0.94 0.72 0.85 1.00 1.00 1.00
Std.Dev. [%] 0.05 0.02 0.01 0.01 0.01 0.06 0.04 0.00 0.00 0.00

Overall, a trend that was generally predicted was observed among the four methods
that utilized the measurement data (DA, NDG, TC, and DE), where the coefficient of
determination (R2) decreased as the correlation coefficient between a reference point and
the target point weakened, although the R2 values were not smaller than those of CTRL in
all bins. Among these methods, DE and TC exhibited a decrease in R2, similar to that of DA,
which directly uses measurement data. However, NDG showed a different characteristic
compared to the other three methods, with relatively low R2 values when the correlation
coefficient was 0.90 or higher, but the highest R2 values when the correlation coefficient
fell below 0.90. This difference reflects the methodological distinction that, while DA, DE,
and TC directly incorporate the temporal variability of measurement data at the reference
point, NDG partially incorporates it through weighted calculations within its framework.
This suggests that tuning the weighting coefficient α of TC to be less than 1 by considering
the correlation coefficient between a reference point and the target point may increase the
coefficient of determination (R2) and improve the accuracy of TC.

4. Discussion
In Section 3.3, the correlation coefficient between a reference point and the target

point, based on the measured 10 min mean wind speed, is used as an indicator to represent
their relationship. In wind condition estimation, the distance is generally used as the
standard parameter for evaluating this relationship. Therefore, this section examines the
correlation between the correlation coefficient and the distance. Additionally, because
height differences may influence the correlation, the analysis was conducted by classifying
the data by height.

Figure 12 illustrates the relationship between distance and the correlation coefficient for
the six target points relative to their reference points across the four sites, whereas Figure 13
presents this relationship categorized by height. As is commonly observed, the correlation
tends to decrease as the distance increases. When categorized by height, a trend was
observed where the correlation coefficient, plotted on the vertical axis, increased at greater
heights. This suggests that at greater heights, the influences of the surrounding terrain and
sea surface diminish, resulting in a more homogeneous wind field. Additionally, in the
investigation described in Section 3.3, the evaluation was conducted without separately
classifying cases of different heights at the same target point. However, using the correlation
coefficient instead of distance between reference and target points can be considered a
“normalized” evaluation that accounts for both distance and height differences.
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Figure 12. Relationship between distance and correlation coefficient (R) of measurement values across
different sites. The vertical axis represents the correlation coefficient (R) of measurement values, while
the horizontal axis shows the distance between reference and target points (km). Data from multiple
sites—Mutsu-Ogawara (St. B), Sakata (BL), Noshiro (SL and VL), and Yuri-Honjo (SSL and NSL)—are
displayed with site-specific markers. The blue regression line indicates the linear relationship, with
the corresponding equation shown in the figure.

Figure 13. Relationship between distance and correlation coefficient (R) of measured values across
different height categories. The vertical axis represents the correlation coefficient (R) of measurement
values, while the horizontal axis shows the distance between reference and target points (km). The
plots are divided into three height levels: (a) Upper (160–200 m), (b) Middle (100–120 m), and
(c) Lower (40–57 m). Data from multiple sites—Mutsu-Ogawara (St. B), Sakata (BL), Noshiro (SL and
VL), and Yuri-Honjo (SSL and NSL)—are shown with site-specific markers. The blue regression lines
indicate the linear relationships, with the corresponding equations displayed in each figure.

Furthermore, the fact that the correlation coefficients remain high even at offshore
points suggests that measurement at sufficiently high heights, considering the wind turbine
hub heights, is crucial for offshore wind condition estimation. Moreover, this finding
implies that referencing high-height measurements may enhance the estimation accuracy.

Until now, the uncertainty in wind estimation in wind resource assessment has gen-
erally been discussed in terms of topography and distance. However, if the correlation
between the reference and target points can be estimated, it may be possible to directly
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calculate the uncertainty of the wind condition estimation from the wind speed, without
using topography or distance as parameters. This can be achieved by utilizing the results
of wind condition estimation, which generates a time series using WRF.

5. Conclusions
The aim of this study was to clarify the characteristics of wind-field estimation by

comparing the accuracy of several wind-field estimation methods using WRF and measure-
ment data from a single point on land near the coastline. To achieve this, we examined five
wind-field estimation methods: CTRL (WRF control simulation without on-site measure-
ment data), NDG (observation nudging), TC (temporal correction method), DE (directional
extrapolation method), and DA (direct-application method). Their accuracy in offshore
wind condition estimation was evaluated using multiple performance indicators, including
bias, RMSE, and the coefficient of determination (R2), as well as by comparing the estimated
horizontal wind speed differences and analyzing the relationship between the correlation
coefficient (R) of the reference and target points and R2.

First, we evaluated the bias of the estimated wind speeds. The results showed that
TC demonstrated the highest accuracy, with the lowest mean bias (~0.0%) and the smallest
standard deviation (2.6%), compared to 0.8–5.0% and 2.8–4.6%, respectively, for the other
methods. Analysis of the slope of the regression line also indicated a similar trend. In
terms of horizontal wind speed differences, the regression slope for TC was 1.12, closest to
the ideal value of 1, indicating better agreement with the measured data. In contrast, the
slopes for other methods ranged from 1.22 to 1.38. A frequency distribution analysis of
the horizontal wind speed differences revealed that DE exhibited high kurtosis, leading
to significant discrepancies with the measured values. In addition, CTRL, NDG, and
TC did not achieve perfect agreement with the distribution based on the measurement
data, indicating that each of these methods is affected by errors in the WRF simulation.
Furthermore, it should be noted that CTRL and NDG exhibited bias not only at the target
point but also at the reference point.

The analysis based on the coefficient of determination (R2) of the wind speeds provided
further insights into the method performance. DE, DA, and TC, with average values of
0.89, 0.88, and 0.87, respectively, exhibited high R2 values, indicating that these methods
performed well in predicting temporal variations in wind speed. As the correlation between
the reference and target points decreased, the R2 values for NDG, DE, DA, and TC also
decreased. Notably, when the correlation coefficient (R) between the reference and target
points dropped to around 0.85–0.90, the R2 values for DE, DA, and TC decreased to 0.73–
0.74, approaching the level of CTRL (0.70). This suggests that when R falls below 0.85, DE,
DA, and TC may perform worse than CTRL, indicating that their effectiveness diminishes
under weak site correlations. This implies that further analysis under lower correlation
conditions may be necessary to clarify the effective range of measurement data.

Regarding wind direction estimation, there were no substantial differences among
the examined methods, and all methods provided sufficient accuracy for practical wind
resource assessment.

Among the methods considered, this study concludes that the temporal correction
method (TC) provides the highest accuracy. However, the current form of the weighting
function α used for spatial extrapolation in TC remains simplistic due to the lack of
empirical validation. In the future, we plan to enhance the accuracy of the correction
coefficients used in TC—specifically, the weighting function α for spatial extrapolation—
and, further, develop a method that incorporates multiple onshore and offshore on-site
measurement points, rather than referring to a single point for each development site.
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Appendix A
All Statistics Indicators

Appendix A presents the tables of all KPIs for each method at the 14 target points
(Tables A1 and A2), as mentioned at the beginning of Section 3 and the KPIs of CTRL and
NDG at the reference points (Tables A3 and A4), as referred to in Section 3.2.
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Table A1. KPIs of wind speed by five methods at target points in four sites.

Case
Height
AMSL [m]

Rel. Bias [%] Rel. RMSE [%] Slope R2

CTRL NDG TC DE DA CTRL NDG TC DE DA CTRL NDG TC DE DA CTRL NDG TC DE DA

Mutsu-Ogawara St. B distance: 1604 m

01 53 −3.4 −2.0 2.7 5.4 −16.6 32.4 24.8 19.5 17.6 27.0 0.92 0.94 1.00 1.03 0.81 0.63 0.78 0.87 0.90 0.86
02 113 −2.9 −1.7 2.0 2.1 −3.9 30.5 21.3 16.7 12.8 13.0 0.94 0.96 1.01 1.01 0.95 0.66 0.83 0.91 0.94 0.94
03 173 −2.8 −2.4 1.0 0.8 −1.3 28.4 21.5 14.7 10.9 10.9 0.94 0.96 1.00 1.00 0.98 0.71 0.83 0.92 0.96 0.96

Sakata BL distance: 3374 m

04 50 −6.5 −6.6 −1.9 0.4 −7.3 28.6 23.1 18.6 17.3 19.4 0.90 0.91 0.97 0.98 0.92 0.79 0.87 0.91 0.92 0.92
05 120 −5.4 −6.1 −2.4 −1.9 −2.9 28.4 22.4 17.3 15.1 16.4 0.91 0.92 0.97 0.97 0.95 0.80 0.88 0.93 0.94 0.93
06 200 −5.2 −6.7 −3.9 −3.8 −2.9 28.8 23.6 17.2 14.3 15.1 0.91 0.92 0.96 0.96 0.96 0.80 0.88 0.93 0.96 0.95

Noshiro SL distance: 4065 m

07 57 −4.1 −1.4 2.0 6.6 −10.5 26.0 19.9 19.7 21.7 22.8 0.93 0.96 1.01 1.06 0.90 0.74 0.85 0.87 0.87 0.85

Noshiro VL distance: 4290 m

08 57 −1.3 0.8 5.5 9.1 −5.7 26.5 20.3 20.9 22.8 20.6 0.96 0.99 1.04 1.08 0.94 0.74 0.85 0.87 0.88 0.87

Yuri-Honjo SSL distance: 2115 m

09 40 0.8 −1.6 −2.6 −2.5 −9.0 29.2 22.8 18.2 16.0 18.7 0.98 0.97 0.96 0.96 0.90 0.68 0.80 0.87 0.90 0.89
10 100 1.6 −1.3 −1.8 −2.1 −3.7 29.7 21.2 17.1 14.3 15.2 0.98 0.97 0.97 0.96 0.95 0.70 0.84 0.90 0.93 0.92
11 160 1.2 −1.8 −1.9 −2.2 −2.0 29.4 23.6 15.7 12.5 13.0 0.98 0.97 0.97 0.97 0.97 0.73 0.83 0.92 0.95 0.94

Yuri-Honjo NSL distance: 11,890 m

12 40 1.9 0.4 −0.5 −1.4 −5.8 29.4 26.1 27.5 26.7 27.5 0.98 0.97 0.95 0.94 0.90 0.69 0.75 0.72 0.71 0.72
13 100 3.7 1.5 0.9 0.0 −0.1 29.9 26.0 27.5 25.6 26.1 0.99 0.98 0.97 0.95 0.95 0.71 0.78 0.75 0.76 0.75
14 160 4.0 1.8 1.2 0.6 1.0 29.2 26.4 26.0 23.9 24.3 0.99 0.98 0.97 0.96 0.97 0.74 0.79 0.78 0.81 0.80

Mean −1.3 −1.9 0.0 0.8 −5.0 29.0 23.1 19.8 17.9 19.3 0.95 0.96 0.98 0.99 0.93 0.73 0.83 0.87 0.89 0.88

Std. Dev. 3.5 2.8 2.6 3.8 4.6 1.6 2.1 4.2 5.2 5.6 0.03 0.02 0.03 0.04 0.04 0.05 0.04 0.07 0.08 0.08



Wind 2025, 5, 17 28 of 31

Table A2. KPIs of wind direction by five methods at target points in four sites.

Case Height
AMSL [m]

Bias [deg.] RMSE [deg.] Slope Intercept R2

CTRL NDG TC DE DA CTRL NDG TC DE DA CTRL NDG TC DE DA CTRL NDG TC DE DA CTRL NDG TC DE DA

Mutsu-Ogawara St. B distance: 1604 m

01 53 0.9 0.7 −0.1 −0.1 −0.7 35.0 25.7 16.4 14.4 14.4 0.99 0.99 1.00 1.00 1.01 4.0 2.7 −0.5 −1.0 −2.1 0.86 0.92 0.97 0.97 0.97
02 113 1.2 1.1 0.0 0.0 −0.5 32.3 19.4 13.7 11.5 11.5 1.00 1.00 1.00 1.00 1.00 1.2 0.4 0.3 0.1 −1.5 0.88 0.95 0.98 0.98 0.98
03 173 1.8 1.3 0.0 0.0 −0.4 29.6 20.3 11.6 9.1 9.2 1.01 1.01 1.00 1.00 1.00 −1.2 −0.7 0.0 0.3 −0.7 0.90 0.95 0.98 0.99 0.99

Sakata BL distance: 3374 m

04 50 0.2 −0.5 −3.2 −3.2 −3.7 40.7 31.8 25.9 24.7 25.0 1.06 1.06 1.05 1.06 1.04 −12.7 −12.4 −13.5 −17.1−13.0 0.86 0.91 0.94 0.95 0.94
05 120 0.0 −1.5 −3.1 −3.1 −3.3 39.8 29.5 24.4 22.3 22.9 1.06 1.05 1.05 1.05 1.03 −13.4 −13.0 −12.8 −13.5−10.5 0.86 0.92 0.94 0.95 0.95
06 200 0.2 −0.8 −2.8 −2.8 −3.3 38.1 29.3 22.8 20.2 21.1 1.06 1.06 1.04 1.04 1.03 −13.4 −13.1 −11.6 −11.0−10.6 0.87 0.92 0.95 0.96 0.95

Noshiro SL distance: 4065 m

07 57 1.6 3.4 2.8 2.8 3.0 36.4 27.2 25.7 24.6 25.1 1.01 1.00 1.01 1.00 1.01 −0.9 2.5 −0.1 2.7 1.8 0.87 0.92 0.93 0.94 0.93

Noshiro VL distance: 4290 m

08 57 1.6 3.6 2.6 2.6 3.0 36.8 28.1 24.7 23.1 23.4 1.01 1.00 1.01 1.00 1.00 −0.8 3.8 0.3 3.1 2.9 0.87 0.92 0.94 0.94 0.94

Yuri-Honjo SSL distance: 2115 m

09 40 5.4 5.6 3.1 3.1 2.0 37.9 30.3 23.5 20.7 20.6 0.99 0.98 0.98 0.97 0.99 7.9 9.5 7.6 8.1 4.8 0.86 0.90 0.94 0.95 0.95
10 100 4.7 4.5 2.3 2.4 1.5 35.9 25.1 20.8 18.7 18.9 0.99 0.99 0.98 0.98 0.99 6.4 6.8 5.4 5.5 3.6 0.87 0.93 0.95 0.96 0.96
11 160 5.1 4.4 1.6 1.6 0.8 35.5 28.4 24.9 24.1 24.3 0.99 0.99 0.99 0.99 0.99 7.6 6.9 3.4 4.4 3.0 0.87 0.91 0.93 0.93 0.93

Yuri-Honjo NSL distance: 11,890 m

12 40 8.8 8.2 6.1 6.4 6.0 39.1 35.6 34.0 31.6 31.6 0.97 0.97 0.95 0.94 0.95 15.4 14.6 15.9 18.9 15.3 0.85 0.88 0.88 0.90 0.90
13 100 7.1 6.2 4.6 4.9 4.4 36.9 32.2 30.9 29.0 29.2 0.99 0.99 0.97 0.96 0.97 8.7 8.4 10.6 12.9 11.4 0.87 0.89 0.90 0.91 0.91
14 160 6.7 5.6 3.3 3.3 3.1 35.9 32.8 31.4 30.0 30.3 1.00 0.99 0.99 0.98 0.98 7.7 6.8 6.2 7.8 7.6 0.87 0.89 0.89 0.90 0.90

Mean 3.2 3.0 1.2 1.3 0.9 36.4 28.3 23.6 21.7 22.0 1.01 1.01 1.00 1.00 1.00 1.2 1.7 0.8 1.5 0.9 0.87 0.92 0.94 0.95 0.94

Std. Dev. 3.0 3.0 2.9 3.1 3.0 2.9 4.5 6.4 6.6 6.7 0.03 0.03 0.03 0.03 0.03 9.0 8.8 8.7 9.9 8.2 0.01 0.02 0.03 0.03 0.03
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Table A3. Accuracy verification result of wind speed by CTRL and NDG at reference points in
four sites.

Case
Height
AMSL [m]

Rel. Bias [%] Rel. RMSE [%] Slope R2

CTRL NDG CTRL NDG CTRL NDG CTRL NDG

Mutsu-Ogawara St. A

01 50 −5.5 −6.0 29.6 22.5 0.92 0.93 0.79 0.88
02 120 −2.9 −3.5 27.6 18.6 0.94 0.95 0.80 0.91
03 200 −1.0 −2.1 27.1 19.6 0.95 0.96 0.81 0.90

Sakata LL

04 53 −8.3 −7.5 32.6 25.1 0.88 0.90 0.63 0.78
05 113 −4.9 −4.2 30.2 19.9 0.92 0.94 0.66 0.85
06 173 −3.6 −3.2 28.0 21.7 0.94 0.95 0.71 0.82

Noshiro CMT

07, 08 57 −8.0 −6.4 29.0 19.8 0.89 0.92 0.74 0.89

Yuri-Honjo SVL

09, 12 40 3.6 1.2 31.3 23.6 1.00 1.00 0.66 0.80
10, 13 100 3.7 0.7 30.5 20.1 1.00 1.00 0.68 0.86
11, 14 160 3.3 0.3 29.7 22.2 1.00 0.99 0.72 0.84

Mean −2.4 −3.1 29.6 21.3 0.94 0.95 0.72 0.85

Std. Dev. 4.6 3.1 1.7 2.1 0.05 0.03 0.06 0.04

Table A4. Accuracy verification result of wind direction by CTRL and NDG at reference points in
four sites.

Case
Height
AMSL [m]

Bias [deg.] RMSE [deg.] Slope Intercept R2

CTRL NDG CTRL NDG CTRL NDG CTRL NDG CTRL NDG

Mutsu-Ogawara St. A

01 50 3.0 2.2 41.0 31.6 1.00 1.00 3.5 2.7 0.85 0.90
02 120 2.9 1.4 38.8 24.9 1.01 1.01 0.4 −0.3 0.86 0.94
03 200 3.1 1.6 36.7 26.4 1.01 1.01 0.1 −0.7 0.88 0.93

Sakata LL

04 53 1.3 1.4 36.0 27.6 0.98 0.98 5.8 5.9 0.85 0.91
05 113 1.3 1.0 33.4 19.7 1.00 1.00 1.1 1.3 0.88 0.95
06 173 1.7 1.5 29.9 23.4 1.01 1.01 −0.8 0.5 0.90 0.93

Noshiro CMT

07, 08 57 −1.3 0.1 39.7 27.2 0.99 0.99 0.0 1.9 0.85 0.92

Yuri-Honjo SVL

09, 12 40 2.7 2.7 38.7 31.0 1.00 0.99 2.1 4.5 0.85 0.90
10, 13 100 2.7 2.0 36.5 25.2 1.00 1.00 1.9 2.0 0.86 0.93
11, 14 160 3.6 2.9 38.0 30.3 1.00 1.00 4.0 3.8 0.85 0.90

Mean 2.1 1.7 36.9 26.7 36.9 26.7 1.8 2.2 0.86 0.92

Std. Dev. 1.4 0.8 3.2 3.7 3.2 3.7 2.1 2.1 0.02 0.02
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