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ABSTRACT

This study presents a polynomial-based wind speed profile characterization framework that approximates full vertical profiles
using five physically meaningful Chebyshev polynomial coefficients. The framework captures key morphological features of
wind profiles, including mean wind speed, vertical shear, curvature, inflection-related behavior, and higher order fluctuations.

Its accuracy is demonstrated using well-documented wind regimes such as well-mixed, shear-dominant, logarithmic-shaped,

and low-level jet (LLJ) profiles, showing consistent performance across diverse atmospheric conditions. To evaluate its practical

utility by moving beyond conventional error metrics, the framework was applied to compare simulated wind profiles from a

mesoscale model-generated dataset against lidar observations. Results show that the mesoscale model reliably captured mean

and shear structures, especially at coastal sites, while underrepresenting curvature and higher order variations at inland loca-
tions. The framework also facilitated a spatial and temporal assessment of model behavior, distinguishing coastal from inland
site characteristics and capturing diurnal and seasonal variability, including LLJs driven by sea-breeze circulation.

1 | Introduction

Wind energy has undergone significant global expansion over
the past decade as individuals, businesses, and governments
pursue decarbonization targets in response to climate change,
consistent with the objectives of the Paris Agreement. This trend
is evidenced by the global installed capacity reaching 945.5 GW
onshore and 75.2 GW offshore as of 2023 [1]. A key aspect of
deploying wind power systems at any scale is the accurate as-
sessment of available wind resources and a clear understanding
of prevailing wind conditions, both of which are essential for
optimal system design and performance [2].

Modern turbines have grown substantially in scale. The tallest
onshore turbine to date, the SANY SI-270150 15 MW, has a hub

height of 143 m and a rotor diameter of 270 m, reaching a total
height of more than 275 m [3]. Offshore turbines are even larger;
for instance, the MySE18.X 20 MW turbine features a 160-m hub
height and a 292-m rotor diameter, extending up to 306 m [4].
These turbines penetrate deep into the atmospheric boundary
layer (ABL) and experience varying wind speed and shear condi-
tions across the rotor plane. Moreover, Akhtar et al. [5] demon-
strated that the influence of tall turbines can extend up to and
beyond 500m into the ABL. Similarly, Krishnamurthy et al. [6]
showed that low-level jets (LLJs) occurring between 250 and
500 m, contribute to increased momentum transfer and en-
hanced wake recovery. These studies emphasize that the effects
of modern wind turbines span the full depth of the ABL, under-
scoring the need for accurate wind speed and wind shear infor-
mation throughout the rotor-swept layer and beyond.
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Remote sensing instruments, such as Doppler lidars and sodars,
can measure wind profiles (horizontal wind speed at multi-
ple vertical levels) within and above the ABL, often reaching
heights beyond 500m [7-13]. Occasionally, tall metmasts can
also reach heights beyond 300 m [14]. However, multiyear site
measurements are costly, and commercial developers typically
collect data for only a few years, often with significant gaps.

A practical and potentially low-cost alternative is wind data
generated by Numerical Weather Prediction (NWP) models.
Several organizations worldwide have developed long-term
wind profile datasets using NWP models. These datasets typi-
cally span multiple decades and altitudes reaching several hun-
dred meters, with temporal resolutions ranging from hourly to
every 6 h [15]. Notable examples include the fifth generation
of ECMWF atmospheric reanalyses (ERAS5) [16], copernicus
regional reanalysis for Europe (CERRA) [17], New European
Wind Atlas (NEWA) [18, 19], Met Eireann high-resolution re-
analysis for Ireland (MERA) [20], Dutch Offshore Wind Atlas
(DOWA) [21], Norwegian Hindcast archive (NORA3) [22], and
the 2023 National Offshore Wind data set (NOW23) [23]. Not just
for long-term wind resource assessment, the NWP models were
also used in simulating wind profiles for understanding key me-
teorological phenomena, such as nocturnal LLJs [24], land-sea
breeze circulations [25], frontal low-level jets (FLLIJs) [26], and
coastal low-level jets (CLLJ) [27, 28], to name a few, that contrib-
ute to improving design and operation of wind turbines.

Since Lorenz's early work on atmospheric predictability [29], it
has been well-established that NWP models are highly sensitive
to inaccuracies in their initial and boundary conditions [30], as
well as to limitations in their physical parameterizations. Al-
Yahyai et al. [31] and references therein further emphasize that
this sensitivity extends across various modeling configurations,
particularly in the context of wind speed estimation. Therefore,
evaluating NWP model-simulated wind profiles is essential.

The majority of the studies in the wind energy literature have
evaluated the performance of NWP models using conven-
tional verification methods, primarily by comparing simulated
wind speeds against observations at discrete height levels.
Quantitative evaluations typically rely on metrics such as bias,
root-mean-square error (RMSE), centered RMSE (cRMSE),
mean absolute error (MAE), Pearson's correlation coefficient
r, and Earth movers distance (EMD), computed at individual
heights. For qualitative assessment, visual comparison of ver-
tical profiles of mean wind speed or error metrics is commonly
employed. Some of these studies are summarized in Table 1, il-
lustrating the widespread use of height-based evaluation meth-
ods across various models, datasets, and validation periods.

Some researchers evaluated the NWP model-simulated wind
speed by comparing wind speed shear exponent (a) [32, 42],
which plays a critical role in turbine loading and power output.
Krogsaeter et al. [43] noted modeling sensitivity in capturing
a computed between 40- and 100-m levels, along with devi-
ation from a nominal design value of 0.1, in stable conditions.
Holstlag et al. [44] further noted that an inaccurate wind shear
profile will result in an overestimation of turbine blade root fa-
tigue loads by a factor of 2. Mata et al. [45] showed that an over-
estimation of 31% in wind power estimation is possible if one

considers a turbine power curve for a given hub height, without
any information about wind shear, in an onshore utility-scale
wind turbine. Given the fact that wind turbines are becoming
bigger and taller, complex wind shear can occur within the rotor
area, such as positive and negative shear occurring simultane-
ously over the rotor area. If one considered just two levels across
the rotor-plane in estimating the wind shear exponent and eval-
uate with respect to observations, it could substantially overesti-
mate/underestimate the actual shear.

Based on these studies, it is evident that the shape of the wind
speed profile is more important, as it could offer the charac-
teristics of wind speed shear profile and occurrences of local
wind speed maxima. Thus, evaluating the wind speed profiles
by quantifying the difference between shapes of the profiles is
necessary, rather than evaluating wind speed at specific height
levels. There has been a study from Duran et al. [46], who pro-
posed an approach for automated classification of wind profiles
using machine learning-based self-organizing maps (SOM). The
methodology can be employed to categorize simulated and ob-
served wind profiles and qualitatively evaluate their difference,
based on the “patterns” or “shapes”.

In the current study, we propose a different methodology that
can quantitatively differentiate two wind profile datasets in the
lowest 500 m of our atmosphere, along with providing character-
istics of the wind profile, such as the mean of the wind profile,
wind speed shear, curvature, occurrence of LLJs, and higher
order fluctuations. In turn, this approach can quantify whether
NWP models tend to produce specific weather phenomena at a
specific geographical location. Such findings are highly valuable
for model developers, offering insights into biases associated
with parameterization schemes, initial and boundary condi-
tions, domain configurations, and so on.

The heart of our methodology lies in approximating wind
speed profiles using a set of polynomials. In the wind energy
community, the Legendre polynomials [47-49] and Chebyshev
polynomials [50-53] have been used in this regard. For exam-
ple, Otte et al. [47] used the Legendre polynomials in develop-
ing a new single column PBL parameterization scheme, while
Jonkman et al. [52] used the Chebyshev polynomials to model
an LLJ wind profile for the TurbSim module. In the present
work, we propose a novel Chebyshev polynomials-based Wind
Speed Profile characteriation (C-WiSPr) framework, which of-
fers a physically interpretable framework for evaluating wind
speed profiles that goes beyond traditional height-based metrics
and addresses the increasing complexity of wind resource char-
acterization in the age of tall turbines. We provide an in-depth
technical background of the framework in Section 2.

In order to represent the NWP-simulated wind profiles, we used
the publicly available NOW23 dataset, which has been generated
using the Weather Research and Forecasting (WRF) model by
the National Renewable Energy Lab (NREL). For evaluation pur-
poses, we obtained the New York State Mesonet (NYSM) lidar
observed wind profiles data. More details of the datasets are pro-
vided in Section 3. The primary goal of this study is to compare
the NYSM measured and the NOW23-simulated wind speed
vertical profiles using the C-WiSPr framework. This frame-
work quantifies the shape differences between the observed and
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simulated profiles using Chebyshev polynomial coefficients.
In doing so, the method captures key physical features such as
vertical shear, curvature, and jet-like structures, offering novel
metrics for model evaluation that complement and extend tra-
ditional height-based error assessments. In Section 4, we have
reported a quantitative comparison between the NWP model-
simulated and observed wind profile dataset. Lastly, concluding
remarks and further applications of the proposed methodology
are mentioned in Section 5.

2 | Wind Speed Profile Characterization Using
Chebyshev Polynomials

In this section, we introduce the C-WiSPr framework and pro-
vide more insights with the help of some well-documented cases.

2.1 | Chebyshev Polynomial Approximation

Chebyshev polynomials are a set of orthogonal functions, which
have the capability to approximate any given function, with
minimum truncation error, due the minimax property [54]. The
Chebyshev polynomials of the first kind are defined in the in-
terval of [-1,1] and can be estimated using a simple recurrence
relation as

To(z) =1, @
T,(z) =z, @)
Ty1(x) = 22T,(2) — T,,_1(2). 3)

Here, T, is the 0™ order, T, is the 1% order, and T, is the n'" order
polynomials, which are functions of the independent variable z.

(a) Chebyshev Polynomials

(b) Chebyshev Projections

Following the recurrence relation, polynomials up to the fourth-
order are given below and are illustrated in Figure 1a.

T,(z)=2z" -1 @
Ty(z) = 42> -3z ®
T,(z) =8z —8z> +1 6)

Once knowing these polynomials, any function can be approx-
imated as, U(z) = X.i, C;T;(z), where C; is the Chebyshev coef-
ficient of i’ order, while U represents wind speed as a function
of height z. Since the polynomial approximation is applicable
within the limits of [-1, 1], the height coordinate [0 m, 500 m] is
normalized between these limits. With the polynomials in hand,
the Chebyshev coefficients can be estimated by solving a system
of linear equations, provided wind speed profiles (wind speed as
function of height).

The product of Chebyshev polynomials and the corresponding
coefficients are known as projections (e.g., C; T, (2)), represent
individual modes of the expansion, with each mode contributing
a specific structural component to the overall wind speed pro-
file. The coefficient C}, governs the amplitude of its correspond-
ing mode. Figure 1b,c illustrates the individual projections and
their cumulative contribution to the total expansion, for a repre-
sentative set of Chebyshev coefficients.

The zeroth-order projection C,T,(z) represents a constant
mode, establishing the baseline of the expansion (Figure 1b).
The coefficient C, dictates the magnitude of this baseline and
serves as an approximation of the mean of the wind speed pro-
file. Around this baseline, higher order projections introduce
fluctuations, as shown in the cumulative contributions in
Figure 1c.

(c) Cumulative Contribution
of Chebyshev Projections

1.01 1.0/
. 051 . 051 -
< < <
= = =
[} [} [}
T T T
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_GEJ 0.04 _&J 0.0 .QEJ
© © ©
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=z 4 =z
—0.51 —0.51
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Polynomial value

To
T
e T,
-—T;
— T

FIGURE1 | (a)Anillustration of the Chebyshev polynomials of order 4: T, T, T,, T3, and T,. The Chebyshev projections for a set of Chebyshev

Wind speed (m/s)

Wind speed (m/s)

CoTo CoTo
CiTh CoTo+CiT1
'''''' C,T, wee CoTo + C1T1 + CoT
--- GC3T3 —== CoTo+CiT1 + CoTo + C3T3

— C4T4 —— CoTo+CiT1 + CoTy + C3T3 + CyTy

coefficients are illustrated in (b), while (c) illustrates the cumulative contribution of each projection. The set of Chebyshev coefficients are obtained

from an observed wind speed profile, which is infact the final outcome of cumulative contributions of all projections (black line in (c)).
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The first-order projection C, T,(z) adds a linear trend (Figure 1b),
contributing to the overall shear in the wind speed profile
(Figure 1c). A positive C; indicates increasing wind speed
with height, while a negative C; indicates a decreasing trend.
Similarly, the second-order projection C,T,(z) introduces qua-
dratic curvature to the expansion, shaping the convexity or con-
cavity of the profile. The magnitude of the curvature is dictated
by the coefficient C,.

Higher order projections, such as C;T5(z) and C, T,(z), add cubic
and quartic structures, respectively (Figure 1b). These terms en-
hance the ability of the expansion to capture complex vertical
features, such as localized shear gradients, inflection points,
and sharp curvature changes. In particular, C; contributes to
both curvature and linear shear, as seen in the overall wind
speed difference across the domain: U(1) - U(—1) = 2C; + 2C;.

Importantly, the inclusion of C; and C, can shift the position of
the local wind speed maximum (jet nose) downward in the pro-
file (Figure 1c). This behavior is critical for realistically repre-
senting LLJs, where the jet peak often occurs in the lower part of
the ABL. Thus, while the first three modes (C, to C,) capture the
bulk structure of the wind profile, such as mean, linear shear,
and curvature, higher order projections are essential for accu-
rately modeling localized features.

The following section offers more details regarding the
Chebyshev coefficients governing specific characteristics of wind
speed profiles with the help of some well-documented cases.

2.2 | Well-Documented Wind Speed Profiles

To better understand the contribution of individual and pair-
wise combinations of Chebyshev coefficients, we approximated
wind speed profiles from well-documented Leipzig [55] and
Wangara campaigns [56], and lidar observations at Hovsere [57]
and Wantagh [58]. These profiles are shown in Figure 2, along
with the Chebyshev approximations, exemplify diverse atmo-
spheric conditions.

The famous “Leipzig wind profile” shown in Figure 2a was
measured by Mildner more than 90 years ago using pilot
balloons. The profile resembles a shear-dominant structure,
with winds increasing with height, and showing insignificant
curvature. In this case, the coefficient C; has a large positive
value, indicating strong vertical shear, while C, is relatively
low and negative. The higher order coefficients contribute
minimally. Although the profile appears to be a pure-shear
case with monotonically increasing winds, wind shear itself
decreases with height, which is effectively captured by the low
negative C, value.

In contrast, Wangara-1 (Figure 2b) and Hovsere-9 (Figure 2n)
display nearly uniform wind speeds with height, appearing
almost as vertical lines. These profiles were observed during
turbulent afternoon periods. Both are primarily characterized
by the coefficient Cy, which closely matches the mean wind
speeds (5.32 m/s for Wangara-1, with C; = 5.00, and 5.03 m/s
for Hovsere-9, with C, =4.98). The remaining coefficients
are relatively low, confirming the well-mixed and nonsheared

nature of these profiles. These cases show that under well-
mixed conditions, the wind profile can be sufficiently repre-
sented by C,, alone.

Several profiles exhibit LLJ characteristics, with the wind
speed maximum (or jet nose) occurring between 150 and
250 m. Wangara-2 (Figure 2c) was recorded at night under
stably stratified conditions with weak turbulent mixing. These
conditions result in atmospheric decoupling and the develop-
ment of a low-level wind maximum, driven by inertial oscilla-
tion. A similar behavior is observed in Hovsere-1 (Figure 2f),
recorded in the early morning during very stable surface con-
ditions and low atmospheric forcing. This LLJ also stems from
inertial oscillation but appears during its diminishing phase.
Wantagh-1 and Wantagh-2 (Figure 2d-e) show coastal LLJ fea-
tures observed in the late evening over New York Bight. These
jets are linked to sea breeze circulation during warm-season
conditions, triggered by strong temperature gradients caused
by coastal upwelling. These profiles are well-represented by
Chebyshev polynomials, with significant contributions from
C,, C,, and C;, while C; and C, contribute marginally. Here,
C, majorly contributes to the overall curvature, while Cj is re-
sponsible for the inflection point along with reduced jet nose
height, positive overall shear, and increased shear near the
ground. The low C, accounts for fraction of overall shear, while
the minor role of C, reflects minor fluctuations at higher levels
(400-500 m).

Hovsere-3 (Figure 2h) was observed during midnight hours
(2200-0130) and also shows a LLJ structure. The profile has
strong near-surface shear and a wind speed maximum at around
400 m. This LLJ is associated with inertial oscillation [57]. The
high C; indicates strong shear, and the high negative C, captures
the jet curvature. On the other hand, negative C; contributes to
reduced overall shear and increased jet height, without any sign
of inflection point. Notably, the combination of high C; and large
negative C, tends to produce LLJs with jet maxima located above
250 m.

Hovsere-2 (Figure 2g) was recorded in the early morning
(0600-0730) under neutral to stable surface conditions. The
profile shows a wind speed maximum at 400 m, followed by a
decrease in wind speed above. This deceleration is attributed to
baroclinic effects acting on the u component. The strong wind
shear is reflected by a high C,, and the curvature around 400 m
is captured by a high negative C,.

The Hovsere-4 profile (Figure 2i) was measured in the morning
under stable surface conditions and high atmospheric forcing.
This combination produces a profile with strong wind shear
(high C;) and a high mean wind speed (15.57 m/s), resulting in
a high C, value. The profile’s curvature is also evident in a mod-
erate negative C,.

Hovsere-5 (Figure 2j) and Hovsere-7 (Figure 21) were observed
from afternoon to evening under neutral surface conditions.
Both show noticeable surface-layer shear (moderately high
C)) and moderate negative C,, indicating curvature. The higher
order coefficients C; and C, are minimal, suggesting a lack of
inflection or fine-scale structure. According to Peiia et al. [57],
these profiles resemble the classical logarithmic wind profile
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FIGURE 2 | Observed wind profiles at Leipzig, Wangara, Wantagh, and Hoevsere. The profiles are approximated by Chebyshev polynomials of

order 4, which are overlaid using a solid black line, and the corresponding coefficients (C, to C,) are shown in the text box. In addition, the mean of

the observed wind speed profile (I) is also shown in the text box.

and can be effectively characterized by a combination of mod-
erate C, and negative C,.

Hovsoere-6 (Figure 2k) was observed during afternoon hours
(0830-1640) under slightly unstable but high-forcing condi-
tions. The profile has a significantly high mean wind speed
(14.71 m/s), reflected in a high C, value. The moderate values
of C; and C, indicate moderate shear and curvature, while the
higher order coefficients contribute little.

Finally, Hovsere-8 (Figure 2m) and Hevsere-10 (Figure 20) were
observed under slightly stable conditions during 0200-0330 and
0820-0950, respectively. These profiles show strong shear (high
C) and moderate curvature (moderate negative C,), with very
low contributions from higher order coefficients. The lack of sig-
nificant C; and C, implies that fluctuations and complex struc-
tures are minimal, resulting in smooth, shear-driven profiles.

From these profiles, it is clearly evident that the Chebyshev co-
efficients effectively capture the key features of wind speeds. In
addition, there will be a unique profile for a unique set of coef-
ficients, implying that a one-on-one comparison is possible be-
tween two different wind speed profiles, just by comparing their
corresponding coefficients.

3 | Description of Data
3.1 | Wind Speed Profiles in the NOW23 Dataset

The 2023 National Offshore Wind dataset (NOW23) [59] was
implemented to enhance the Wind Integration National Dataset
(WIND) Toolkit by providing high-resolution wind data specif-
ically for offshore environments. This dataset was generated
using the Weather Research and Forecasting (WRF) model ver-
sion 4.2.1, forced with ERAS5 reanalysis data for atmospheric
variables and the Operational Sea Surface Temperature and Ice
Analysis (OSTIA) for surface temperature inputs. Spatially, a
two-domain nested approach was employed, with resolutions of
6 km for the outer domain and 2 km for the inner domains. The
outer domain spans the entire United States, while eight inner
domains focus on key coastal regions: the North Pacific, South
Pacific, Hawaii, Gulf of Mexico, South Atlantic, Mid-Atlantic,
North Atlantic, and the Great Lakes. In this study, we utilized
data from the Great Lakes and Mid-Atlantic regions, which ef-
fectively cover the New York State. The dataset provides wind
speed at height levels: 10 m, every 20m from 20 to 300, 400, and
500 m. With a temporal resolution of 5 min, the dataset spans
from 2000 to 2020 across these two regions. For computing
the Chebyshev coefficients respective to each wind profile, the
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height coordinate is normalized between [0 m, 500 m] to [-1,
1]. Since the Chebyshev polynomials are time invariant, the
Chebyshev coefficients for each wind profile, varying with time,
are computed by solving a system of linear equations.

3.2 | Wind Speed Profiles in the NYSM Profiler
Dataset

New York State has established a network of 18 wind pro-
filing stations, collectively known as the New York State
Mesonet (NYSM) Profiler Network, continuously monitoring
atmospheric conditions [9, 10, 60]. Each station is equipped with
a Leosphere-Vaisala Scanning Windcube Doppler lidar (DL)
1008, a state-of-the-art remote sensing instrument operating at
a near-infrared wavelength of 1540 nm. The lidars operates in
Doppler Beam Swinging (DBS) mode, scanning in five direc-
tions: four scans at a 75° elevation in the cardinal directions and
one vertical scan at 90°. By averaging these scans, the system
derives three-dimensional wind components. Measurements

Chazy

Tupper.Lake
o -

Belleville

Topography (m)
™ 1,095
- 1

Staten Island’ " Wantagh

FIGURE3 | New York State Mesonet profiler station locations, satis-
fying our selection criteria, overlaid on orography.

TABLE 2 | Details of NYSM profiler stations.

cover altitudes from 100 to 7000 m, with a vertical spacing of
25m below 1000 and 50 m above 1000 m.

In this study, we focus on characterizing wind profiles up to
500 m. Since the Doppler lidars begin measurements at 100 m,
we incorporate wind speed measurements from nearby NYSM
Standard Network sites, which provide wind speeds at 10m
[60]. We utilized profiler data from 2018 to 2020, at 5-min tem-
poral resolution, aligning with the temporal availability of the
NOW?23 dataset. Moreover, not all NYSM profiler stations are
located within the NOW23 domains, and not all stations are
close to NYSM Standard Network sites. Based on a collocation
analysis, we identified 13 stations that meet the selection criteria
These selected sites are shown in Figure 3, and their details are
provided in Table 2. Here as well, the height coordinate is nor-
malized between [0 m, 500 m] and [-1, 1], and the Chebyshev
coefficients of each profile, varying with time, are computed.

3.3 | Data Processing

In this study, we opted Chebyshev polynomials up to the fourth-
order. A detailed analysis on how and why we opt for the fourth-
order polynomials is given in Appendix A. The NOW23 wind
profile dataset is complete, with no missing values in time or
height, as it is generated from continuous WRF model simula-
tions. In contrast, the lidar wind profile observations contain
missing instances and gaps at various height levels. These gaps
arise due to limitations such as aerosol type and concentration,
precipitation, atmospheric refractive turbulence, and humid-
ity. To retain as much usable data as possible from the lidar
records, a conditional threshold was applied before computing
the Chebyshev coefficients. Since the Chebyshev polynomial
approximation does not require values at every height level, but
rather a sufficient number of points for a stable fit, the following
criteria were used: valid wind speed observation at 10-m level, at
least two valid wind speed observations between 100 and 200 m,

stid name Llatitude (degrees) Longitude (%) Elevation (m)
BUFF Buffalo 42.993590 —78.794610 185.39
BELL Belleville 43.788230 —76.117650 152.10
BRON Bronx 40.872481 —73.893522 59.31
STAT Staten Island 40.604014 —74.148499 34.43
STON Stony Brook 40.919579 —73.133284 55.10
QUEE Queens 40.734335 —73.815856 52.89
WANT Wantagh 40.650250 —73.505400 18.25
TUPP Tupper Lake 44.224256 —74.441052 525.20
SUFF Suffern 41.133034 —74.085979 191.87
CLYM Clymer 42.021430 —79.627460 457.45
JORD Jordan 43.068747 —76.469993 129.46
OWEG Owego 42.024938 —76.253072 464.45
REDH Red Hook 41.999830 —73.884120 72.85
Wind Energy, 2026 7 of 22
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at least four between 225 and 375 m, and at least two between
400 and 500 m. A detailed analysis on the validity of the condi-
tional search is provided in Appendix B. If an instance satisfied
these conditions, Chebyshev coefficients were computed from
the lidar data. The same time instances were then extracted
from the NOW23 dataset, and their corresponding Chebyshev
coefficients were calculated to ensure consistent comparison.
We would like to point out that all the datasets considered in
this study are recorded in UTC.

With the lidar and NOW23 wind speed profiles pre-processed
and their corresponding Chebyshev coefficients computed at
matched time instances, the datasets are now prepared for eval-
uation. In the next section, we assess the degree of agreement be-
tween the modeled (NOW23) and observed (NYSM lidar) wind
profiles using two complementary approaches. First, we adopt
conventional height-based evaluation metrics to compare wind
speeds at specific altitude levels. Second, we apply the proposed
C-WiSPr framework to compare the morphological characteris-
tics of the profiles via their Chebyshev coefficients. This dual-
stage evaluation enables a more comprehensive understanding
of both level-wise and shape-based differences in wind profile
representations.

4 | Results

The following results present the two-stage evaluation of
NOW?23 wind profiles against NYSM lidar observations. First,
in the conventional height-based evaluation, evaluation metrics,
including mean, bias, cRMSE, and r, are computed at common
height levels between the two datasets. These metrics are plot-
ted as a function of height to provide insight into the vertical
agreement between the simulated and observed wind profiles.
Second, a direct comparison is performed between the coeffi-
cients derived from the NOW23 simulations and lidar obser-
vations, allowing for evaluation of how well the simulations
capture key wind profile features: mean wind speed (C,), shear
(Cy), curvature (C,), and higher order fluctuations (C;, C,). Bias,
cRMSE, and r are computed for each coefficient to quantita-
tively assess the level of agreement. In addition, bivariate his-
tograms, quantile-quantile (Q-Q) plots, and probability density
function (PDF) comparisons are used for qualitative evaluation
of the distributional similarity between the two datasets. To ex-
plore temporal dynamics, the diurnal and seasonal variability
of the five coefficients are analyzed, providing further insights
into agreement or divergence in characteristic patterns. Finally,
r values are computed across stations and coefficients to investi-
gate geographical similarity in wind profile characteristics.

The NOW23 dataset is primarily developed to support offshore
wind resource assessments. To evaluate its performance in this
context, the analysis categorizes the stations into inland and
coastal groups. The inland stations include Clymer, Owego,
Suffern, Tupper, Red Hook, and Jordan. The coastal stations
are further divided based on their location: those situated along
the Atlantic Ocean are Staten Island, Stony Brook, Queens,
Wantagh, and Bronx, and those along the Great Lakes are
Buffalo and Belleville. This classification allows for a focused
assessment of how well the NOW23 simulations align with lidar
observations across different geographic settings, particularly

to determine whether the dataset effectively serves its intended
purpose in coastal and offshore environments.

We acknowledge that lidar-based wind measurements come
with inherent limitations. As height increases, the measurement
volume of the lidar also expands, which means that small-scale
turbulence can influence the 10-minute mean values differently
across range gates [61]. Several external factors such as ter-
rain complexity, surface roughness, forest cover, measurement
height, atmospheric stability, and the lidar's half-cone opening
angle also contribute to uncertainty in the observations [62].
Given these considerations, we treat the lidar dataset as a refer-
ence rather than an absolute ground truth. Our primary aim is
not to assess the accuracy of the NOW23 dataset, but to demon-
strate the strength of the newly proposed C-WiSPr framework
used for wind profile evaluation. Although we use terms like
“overestimation” and “underestimation” throughout the paper,
these refer solely to deviations from lidar-based estimates, but
not from a verified ground truth.

4.1 | Conventional Evaluation

Figures 4 and 5 show the vertical profiles of wind speed statistics
and evaluation metrics, computed at each height level, compar-
ing the NOW23 simulated and lidar-observed wind datasets at
coastal and inland sites, respectively.

The mean profiles are well matching at the coastal sites, whereas
a considerable deviation is visible at the inland sites. Among all
stations, the best agreement is observed at Wantagh, whereas
the largest deviation is seen at Jordan. A closer look at the lidar
profiles reveals that the 10-m mean wind speed is approximately
2 m/s at four inland sites, but only at one coastal site. Conversely,
the 500m mean wind speed reaches around 10 m/s at five in-
land sites, compared to three coastal sites. This supports that
inland sites generally experience stronger vertical wind shear
than coastal sites. However, beyond this general trend, the mean
wind profile alone does not provide detailed insight into how
shear evolves with height, unless such variations are explicitly
measured or derived through higher order metrics.

The vertical profiles of bias also reflect this overall pattern, with
inland stations exhibiting higher bias compared to coastal ones.
For most stations, the bias increases from the 10m level up to
around 100 m and then gradually decreases with height. Among
all sites, the highest positive bias is recorded at Jordan, reaching
3.3 m/s at 100 m, followed by Clymer, which also shows a nota-
bly high bias at this level. In contrast, Wantagh exhibits the low-
est bias across all levels, even showing a negative bias at 10 m.
At 500 m, the bias at Wantagh reduces to nearly zero, indicating
excellent agreement between the simulated and observed wind
speeds.

The cRMSE, computed at common height levels, represents the
random error component after the bias is removed between the
NOW23 and lidar wind speed datasets. Interestingly, the cRMSE
tends to increase rapidly from the 10m level up to around 100 m,
then continues to rise gradually, typically peaking between 200
and 300 m, before decreasing again at higher levels. This trend
suggests that the random error is lowest at 10 m, either due to the
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FIGURE4 | Vertical profiles of wind speed statistics and evaluation metrics computed at each height level from NOW23 and lidar datasets, for the
full analysis period (2018-2020), at coastal sites: (a—d) Buffalo, (e-h) Belleville, (i-1) Staten Island, (m-p) Stony Brook, (q-t) Queens, (u-x) Wantagh,
and (y-ab) Bronx. The columns represent different variables: the first column shows mean wind speed; the second column shows bias; the third col-
umn shows centralized root mean square error (CRMSE); the fourth column shows Pearson's correlation coefficient (r).

lower wind speeds or better agreement between the NOW23 and around 1.2 m/s, while inland stations report higher errors, typi-
lidar winds at this level. Across all stations, coastal sites exhibit cally around 1.5 m/s. At higher levels, five coastal stations main-
lower cRMSE at the 10 m level, with four of them showing values tain cRMSE in the range of 2-2.5 m/s, whereas inland stations
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FIGURE 5 | Same as Figure 4, but for inland stations: (a—d) Clymer, (e-h) Owego, (i-1) Suffern, (m-p) Tupper Lake, (q-t) Red Hook, and (u-x)

Jordan.

show higher values, reaching approximately 3 m/s. These re-
sults clearly indicate that NOW23 performs better over coastal
regions, aligning more closely with lidar observations in those
areas. Furthermore, a comparison within the coastal group re-
veals that stations located near the Great Lakes (Buffalo and
Belleville) exhibit significantly higher cRMSE values (exceed-
ing 3 m/s) compared to those situated along the Atlantic Ocean.
Despite these insights, it is important to note that cRMSE alone
does not provide information about the specific types of wind
profiles or atmospheric conditions that contribute most to the
observed discrepancies between NOW23 and lidar data.

From the vertical profiles of r, it is evident that the correlation is
lowest at the 10m level (approximately 0.7) and consistently in-
creases with height, reaching values close to 0.9 at higher levels.
Notably, across the coastal stations, the correlation coefficient
exceeds 0.8 above the 200m level, indicating strong agreement
between the simulated and observed wind patterns. In contrast,
only three inland stations reach correlation values above 0.8 at
similar heights. This distinction highlights that the agreement
between NOW23 simulations and lidar observations, in terms
of the wind speed pattern correlation at respective heights, is
notably stronger at coastal sites than at inland locations.
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Thus far, the evaluation of the NOW23 wind profiles has primar-
ily focused on direct wind speed comparisons at multiple height
levels. However, these methods do not provide insights into crit-
ical characteristics such as the overall profile structure, wind
shear, curvature in profiles, the presence of LLJs, or intermittent
fluctuations associated with specific weather conditions.

4.2 | C-WiSPr Framework-Based Evaluation
4.2.1 | Aggregated Analysis

Figure 6 compares Chebyshev coefficients derived from lidar
and NOW23 datasets, aggregated across 13 stations over a 3-year
period. Outlier values those beyond the 0.1% and 99.9% percen-
tiles of the lidar distributions are removed from both datasets to
ensure a consistent comparison. The first row of subplots shows
bivariate histograms, the second row shows quantile-quantile
(Q-Q) plots, and the third row displays probability density func-
tion (PDF) comparisons. While the bivariate histograms exam-
ine concurrent times, the Q-Q and PDF plots are better suited
for assessing how well the model captures the overall distribu-
tion. Agreement is indicated when points follow the 45-degree
line; deviations suggest over or underestimation by NOW23. In

(a) Coefficient: Co

(c) Coefficient: Cy

bivariate histograms, an elliptical contour is drawn, that en-
capsulates points within three standard deviations of the joint
distribution. In Q-Q plots, since the coefficients will have both
positive and negative values, points lying above (below) the 1:1
line in the positive (negative) domain imply overestimation, and
vice versa.

From Figure 6a, the coefficient C,, representing mean wind
speed, exhibits strong correlation but a clear positive bias, as
indicated by the tilted elliptical contour, highlighting consis-
tent overestimation by NOW23. For example, at a lidar value
of C, =10, NOW23 ranges from 5 to 18, while at C, =10 in
NOW?23, the lidar values range more narrowly from 3 to 14. The
bias, cRMSE, and correlation coefficient are 1.24, 2.38, and 0.86,
respectively. The Q-Q plot (Figure 6f) further shows overesti-
mation beginning around C, = 2, becoming more pronounced
in the upper tail. The PDF comparison (Figure 6k) reveals that
while both distributions center around C, = 5, the NOW23 pro-
file is broader with heavier tails, confirming greater variability
and positive bias.

Shear in the wind profile is represented by C;, which shows

strong correlation but a modest underestimation. In the bi-
variate histogram (Figure 6b), the elliptical contour aligns

(e) Coefficient: C4

(b) Coefficient: Cy
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FIGURE 6 | (a-e) Bivariate histograms comparing the five Chebyshev coefficients (C,-C,) between lidar and NOW23 data, aggregated across all
13 stations over the 3-year period. Lidar values are shown on the abscissa and NOW23 values on the ordinate. The dashed line at 45° represents the
1:1 reference line, indicating perfect linear agreement. Brightened regions indicate higher data density, and a white ellipse in each panel represents

the joint distribution, encompassing data points within three standard deviations. A tighter clustering of points along the 1:1 line signifies stronger

linear correlation, while deviations highlight discrepancies. (f-j) Quantile-quantile (Q-Q) plots for the same five coefficients, with lidar values on the

abscissa and NOW23 values on the ordinate. The dashed 45° line represents ideal agreement; departures from this line reflect differences in distri-

bution between the two datasets. (k-o) Probability density function (PDF) plots comparing the distributions of each coefficient, where the black solid

line represents lidar data and the black dashed line represents NOW23 data.
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with the 1:1 line but is shifted downward, indicating a bias of
—0.57. The cRMSE is 1.44 and the correlation is 0.80. The Q-Q
plot (Figure 6g) shows consistent underestimation through
the mid-range, with slight overestimation at the distribution
tails. The PDF plot (Figure 61) indicates that NOW23 under-
represents the variability in shear, producing a narrower and
more sharply peaked distribution compared to the broader
lidar distribution.

Curvature, captured by C,, is moderately well represented. As
seen in Figure 6c, the elliptical shape aligns roughly with the
1:1 line but is wider, indicating greater scatter. The bias is min-
imal (- 0.03), though cRMSE is 0.94 and correlation is lower at
0.47. The Q-Q plot (Figure 6h) shows reasonable alignment at
the center but deviations in the tails, especially due to NOW23
overestimation. The PDF comparison (Figure 6m) reveals the
NOW23 distribution is sharply peaked at zero, while lidar distri-
bution is peaked slightly towards negative with reduced density,
suggesting that NOW23 underrepresents the full range of curva-
ture variability.

Coefficient C;, which describes part of the overall linear shear
and cubic curvature in the profile, is weakly correlated be-
tween datasets. In the bivariate histogram (Figure 6d), the
contour is centered but loosely aligned with the 1:1 line, and
the scatter is more pronounced. Bias is small (0.09), with
a cRMSE of 0.58 and correlation of only 0.23. The Q-Q plot
(Figure 6i) shows misalignment at both extremes, indicating
that NOW23 fails to capture high-inflection profiles. The PDF
plot (Figure 6n) shows that NOW23 is more peaked and nar-
rower, again reflecting the underestimation of variability pres-
ent in the lidar data.

The highest order coefficient, C,, reflects small-scale quartic
curvature and shows the weakest agreement. The bivariate
histogram (Figure 6e) displays a near-circular elliptical con-
tour centered on zero, with widespread scatter. The correlation
is very low (0.13), with a cRMSE of 0.41 and a negative bias of
—0.17. The Q-Q plot (Figure 6j) shows consistent underestima-
tion across the range. The PDF comparison (Figure 60) high-
lights a noticeable difference: the NOW23 curve is narrowly
peaked around zero and skewed slightly left, while the lidar
curve is broader and centered slightly negative. This reflects a
general underrepresentation of higher order variability by the
NOW?23 dataset.

Although the contribution of C, to the overall characteriza-
tion and wind profile approximation is relatively small, using
a fourth-order polynomial is still important for minimizing the
overall approximation error, as discussed in Appendix A. We
also found that 4th-order or higher polynomials are necessary to
capture non-monotonic wind speed profiles with negative wind
shear or multiple inflection points and local minima/maxima,
as discussed in Appendix C.

From the C-WiSPr framework comparison, one would notice
that the N number of height levels per profile is compressed
into just five coefficients. Thus, we no longer require the wind
profiles to be on the same height levels for a better compari-
son, which is the case with many NWP model simulations and
observations.

4.2.2 | Station-Wise Analysis

To assess the spatial consistency of model performance, we
analyzed the agreement between Chebyshev coefficients
derived from NOW23 and lidar observations at individual
stations. Figure 7 presents quantile-quantile (Q-Q) plots
for coastal and inland stations, highlighting agreement
across selected percentiles (0.1%, 1%, 25%, 50%, 75%, 99%,
and 99.9%) to capture central and extreme distributional
characteristics.

The results show a consistent overestimation of the mean co-
efficient C,, particularly at inland stations, with the largest dis-
crepancies occurring at the upper tail. Wind shear (C,) is well
represented overall, although minor underestimations appear
at central quantiles, and deviations in the upper tail are more
evident at coastal sites. The curvature coefficient C, is generally
well captured within the interquartile range, though biases in-
crease at the tails. The NOW23 tends to overestimate curvature
at inland stations and underestimate it at coastal extremes. For
C; and C,, model performance declines, particularly in captur-
ing distribution tails, indicating limitations in representing
complex vertical structures like inflection points and higher
order fluctuations.

To complement the Q-Q analysis, Figure 8 summarizes bias,
cRMSE, and correlation r between lidar and NOW23 coeffi-
cients across stations. As expected, model performance is best
for C, and C,, with uniformly high correlation (r > 0.8 for C)
and lower errors at coastal sites. Agreement diminishes progres-
sively with coefficient order: C, shows moderate correlation
(r =0.4-0.6 at coastal stations), while C; and C, exhibit weak
correlations across most sites (r < 0.4), reflecting challenges in
reproducing inflectional and high-frequency features. Inland
stations generally exhibit higher biases and lower correlations
across all coefficients.

While these findings provide valuable insights into the spa-
tial variability of model performance, we acknowledge that
conclusions drawn from only 13 stations, which are further
subdivided into inland and coastal groups, should be inter-
preted cautiously. Nonetheless, the observed trends support
the core argument that NOW23 captures bulk profile fea-
tures (mean and shear) more reliably than localized or tran-
sient structures, with better overall performance in coastal
environments.

4.2.3 | Analysis of diurnal and seasonal variability

Figure 9 presents the seasonal and diurnal variability of
Chebyshev coefficients from lidar (solid line) and NOW23
(dashed line) data, at the Wantagh station. Strong diurnal pat-
terns are evidently visible in C, to Cs, from both lidar and NOW23
coefficients, across all the seasons. These coefficients generally
dip during 14-18 UTC (local late-morning and early-afternoon
hours), rise again afterwards, and peak either during 22-00 UTC
hours (local early-evening hours) or during 04-11 UTC (local
nighttime to morning hours). In contrast, coefficient C, shows
no clear diurnal pattern in the lidar data, while NOW23 displays
a distinct and systematic diurnal cycle.
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FIGURE 7 | Quantile-quantile plots comparing LiDAR and NOW23 Chebyshev coefficients at coastal sites (a-e) and inland sites (A-E). The sub-
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FIGURE 8 | Heatmaps comparing the bias (left panel), cRMSE (middle panel), and r (right panel) computed between the Chebyshev coefficients
of lidar and NOW23 data, at individual sites, aggregated over a 3-year period.

Seasonal trends are evident in coefficients C;, to Cs, with values
typically lowest during summer, increasing through autumn
and winter, and peaking in spring. The timing and magnitude
of diurnal peaks and dips vary across seasons. Among the co-
efficients, C; shows the strongest agreement between the lidar
and NOW?23 datasets, particularly in autumn and summer, with
only slight deviations in winter and spring. This consistency
highlights that the simulated and observed shear patterns are
broadly aligned.

The patterns of C, also align well during winter and autumn.
During spring and summer, partial agreement is observed
during dip hours (0800-1600 UTC), while NOW23 tends to
overestimate during other periods, indicating a general overes-
timation of mean wind speeds. For C, (curvature), agreement
between the datasets is limited mostly to dip hours across all
seasons, while NOW23 consistently overestimates during rising
and peak hours, suggesting excessive curvature in the simulated
profiles.

In contrast, coefficient C; exhibits a persistent positive bias
in NOW23, with only partial agreement during dip periods in
autumn and winter. During spring and summer, a negative
bias is observed during rising hours. Since C; interacts with
both C, and C,, biases in this coefficient can alter the overall
linear shear, shift localized shear near the surface, and lower
the jet nose height, affecting the accuracy of simulated LLJ
structures.

When the linear shear coefficient C; is at a minimum, the in-
fluence of higher order coefficients becomes more pronounced
in shaping the wind profile. Notably, summer exhibits the larg-
est discrepancies between the lidar and NOW23 datasets in

coefficients C, and C;, particularly during 1600-0000 UTC hours
when C; is unusually low compared to other seasons. To inves-
tigate the resulting wind profile structures, we extracted the
coefficients during this period and reconstructed wind speed
profiles, as shown in Figure 10.

Across both datasets, the reconstructed profiles show evidence
of local wind speed maxima, indicative of LLJs. Between 1600
and 2200 UTC, C, remains similar across the datasets, while
C, is lower in NOW23. This results in a higher jet nose height
and weaker near-surface shear in the NOW23 profiles com-
pared to those from lidar. At 0000 UTC, both C, and C; are
elevated in the NOW23 dataset, producing a sharper curva-
ture and steeper shear near the ground, along with a lower jet
nose height. These subtle variations in the coefficients clearly
demonstrate their ability to characterize morphological differ-
ences in wind profiles, particularly during periods when the
shear is diminished.

4.2.4 | Cross-Station Correlation

When observations at a target site are limited, long-term
wind characteristics can be estimated by correlating short-
term measurements at the site with long-term data from a
nearby reference station. This process is commonly referred
to as the measure-correlate-predict (MCP) approach [63]. To
assess how well the NOW23 dataset captures cross-station
wind relationships, Pearson's correlation coefficient (r) is
computed between Chebyshev coefficients from all pairs
of stations. Figure 11 displays the resulting heatmaps, with
lidar-based values on the left and NOW23-based values on
the right.
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FIGURE 9 | Comparison of the diurnal and seasonal variability of Chebyshev coefficients from lidar (solid lines) and NOW23 (dashed lines) at
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(September-November). Each column corresponds to one Chebyshev coefficient: C, (mean wind speed), C, (shear), C, (curvature), C; (inflection), and
C, (higher order fluctuations), from left to right. For interpretability, the horizontal axis (coefficient values) is oriented positively for C,, C,, and C;,
and negatively for C, and C,, as negative values are more physically significant for these latter coefficients.

For the primary coefficients Cy, to C, (Figures 11a-f), both data-
sets exhibit similar spatial patterns. Strong correlations are ob-
served among the Atlantic coastal stations: Staten Island, Stony
Brook, Queens, Wantagh, and Bronx, suggesting consistent
wind regimes of mean, linear shear, and curvature characteris-
tics across these locations. Although Suffern is not categorized
as a coastal site, its proximity to the ocean may explain its high
correlation with these stations in both datasets.

A second group, consisting of Buffalo, Belleville, Clymer, Owego,
Tupper Lake, and Jordan, also shows strong internal correlation.
While Buffalo and Belleville are both located along the Great
Lakes, the remaining stations are farther inland. Nonetheless,
the high correlations imply similar wind profile features such
as mean wind speed, shear, and curvature. One exception is
Tupper Lake, where lidar-based C, shows weak correlation with
other sites, while NOW23-based C, indicates strong correlation.
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at station Wantagh. The left column shows wind profiles from the lidar data, while the right column shows wind profiles from the NOW23 data

This may suggest that NOW23 overrepresents curvature charac-
teristics at this station.

For the higher order coefficients C; and C, (Figure 11g-j), the
coastal stations again show high interstation correlation in
both datasets. However, correlation values in the NOW23 data
are significantly higher, indicating that the model produces
more spatially coherent patterns of cubic and quartic curva-
ture. These features are often related to near-surface shear
and LLJs. In contrast, lidar-derived coefficients for inland sta-
tions show little correlation, while NOW23 data still reflect
moderate correlation. This suggests that the NOW23 may ex-
aggerate the spatial consistency of fine-scale wind structures
in these regions.

5 | Conclusions and Future Scope

In this study, we introduced a novel framework for wind pro-
file characterization based on Chebyshev polynomials, termed
C-WiSPr. This approach transforms horizontal wind speed
data at multiple height levels into a compact set of five physi-
cally meaningful coefficients (C, to C,), offering an insightful
representation of the entire vertical wind profile structure.
Each coefficient captures a distinct aspect of the wind profile:
C, represents the overall mean wind speed, C, describes ver-
tical shear, C, accounts for curvature, while C; and C, repre-
sent higherorder variations. We demonstrated that well-mixed
profiles (prevalent in afternoon conditions) can be effectively
characterized by C, alone; high-forcing monotonic shear pro-
files (such as during gale events) by C, and C;; logarithmic-
shaped profiles (often occurring under neutral afternoon to
evening conditions) by a combination of C,, C;, and C,; and
LLJ profiles (frequently observed under stably stratified con-
ditions and land-sea breeze circulations) by the interplay of
Cy, C,, and C;. In cases with subtle inflectional features or
fine-scale upperlevel fluctuations, C, offers marginal but rel-
evant contributions to capturing profile shape, particularly in
resolving structure near 400-500 m.

This C-WiSPr framework enables a physically interpretable
way to quantitatively compare entire wind profiles, regardless

of their height levels. To demonstrate its applicability, we eval-
uated wind profiles simulated by the WRF model (NOW23
dataset) against lidar-observed profiles from the NYSM profiler
network, despite the two datasets existing at different height
levels. The NOW23-derived coefficients reliably captured the
mean wind speed (C,) and the overall shear structure (C,).
However, its performance declined with increasing coefficient
order, revealing limitations in representing curvature (C,), in-
flection features (C;), and fine-scale fluctuations (C,). Bivariate
distributions, Q-Q plots, and probability density comparisons
highlighted a systematic overestimation of mean wind speeds
and an underrepresentation of variability in both shear and
higher order structural features. Station-wise analysis showed
that inland sites exhibited larger discrepancies compared to
coastal stations, reaffirming that the NOW23 dataset is bet-
ter suited for the coastal wind resource assessment for which
it was originally designed. When we examined the variability,
the NOW23 dataset closely followed the observed diurnal and
seasonal patterns of mean wind speed, overall shear, and cur-
vature at the Wantagh station. At this coastal location, the oc-
currence of low-level jets was evident through elevated C, and
C; values alongside reduced C, values, particularly during sum-
mer months. These features are attributed to sea breeze circula-
tions and were reasonably well captured by the NOW23 dataset.

The C-WiSPr framework has demonstrated its potential in
quantitatively validating simulated wind profiles from obser-
vations, offering a variety of morphological characteristics be-
yond conventional height-based metrics such as bias, cRMSE,
and Pearson's correlation coefficient. This form of profile-level
evaluation provides more insights into model behavior, mak-
ing it especially valuable for simulation frameworks and model
development. We anticipate that the framework can be rigor-
ously applied in sensitivity studies involving modeling config-
urations, including physical parameterization representations,
initial and boundary conditions, and domain setups. Such ap-
plications can aid in identifying optimal configurations and
guide the development of next-generation physical parameter-
ization schemes.

Finally, we examined the cross-station correlation of the coeffi-
cients to evaluate spatial consistency. We observed that coastal
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FIGURE 11 | Comparison of heatmaps showing Pearson's correlation coefficients between pairs of stations, computed from Chebyshev coeffi-
cients derived from (left panels) lidar data and (right panels) NOW23 data. Panels (a, b) correspond to coefficient Cy, (c, d) to C}, (e, f) to C,, (g, h) to

Cy, and (i,j) to Cy.

stations formed a distinct group, exhibiting strong correlation
among themselves in the characteristics of mean wind speed,
linear shear, curvature, and inflection-related features, which
remained consistent across both datasets. In contrast, inland
stations also formed a coherent group, showing strong correla-
tion between the two datasets in terms of mean wind speed,
linear shear, and curvature. However, the correlation for higher
order fluctuations was stronger in NOW23 than in observations,
indicating that the model may be overrepresenting these fea-
tures. This analysis opens the way for extending the proposed
framework to Measure-Correlate-Predict (MCP) approaches,
such as identifying suitable long-term reference datasets [64]
and selecting target stations based on measurements at refer-
ence stations [65].

The seamless capability of the proposed C-WiSPr framework
to represent complete wind speed profiles using only five co-
efficients makes it suitable for various other practical applica-
tions. Notably, our approach can also identify nonmonotonic
wind profiles, such as those exhibiting negative shear near
the surface or alternating wind speed gradients with height,
sometimes observed in offshore environments [66, 67]. These
profiles can be effectively isolated using targeted coefficient
thresholds (e.g., C; <0, C, >0, C; <0, C, > 0), as shown in
C1, demonstrating the framework's diagnostic potential be-
yond smooth or monotonic profile shapes. Future directions
include machine learning-based gap-filling methods along
vertical levels in observed wind profiles [68]; improved ex-
trapolation of simulated wind speeds to buoy levels (typically
at 3-4 m), which may outperform neutral log-law-based ex-
trapolation [69]; extending wind profiles beyond the surface
layer by integrating large-scale reanalysis data with machine
learning techniques [70, 71]; generating and characteriz-
ing diverse inflow conditions to better understand unsteady
blade aerodynamics and associated loads [72]; and ultimately
improving short-term wind speed forecasting using machine
learning models to support efficient wind power system oper-
ations [73].
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Appendix A
Identifying Optimal Polynomial Order

To identify the optimal polynomial order for the Chebyshev approxi-
mation, we adopted the Vapnik-Chervonenkis (VC) theory as a model
selection strategy [74]. Traditional model selection methods typically
assume infinite sample size and estimate the prediction risk as the mul-
tiplication of the empirical risk (i.e., training error) and a penalty term
based on model complexity. Wherease, the VC framework is applicable
for finite sample size but introduces a data-dependent penalization term
known as Vapnik's measure (VM), given by the following empirical ex-
pression (Equation 10 in [74]):

-1
r(p,n)=<1—\/p—plnp+hzl—:> s (A1)

where p = , m is the polynomial order, and n is the number of
height levels (0r data points) in the profile.

m+1

We used root mean squared error (RMSE) as a measure of empirical
risk, defined as:

n

Remp(m) = % Z (Uz _f(m, Z))zy (A2)

z=1

where f(m,z) represents the Chebyshev polynomial approximation of
order m at height level z.

By multiplying the empirical risk R,y,,(m) with the penalty factor r(p, n),
we computed the estimated prediction risk for each polynomial order.
The risk was evaluated for wind speed profiles at all stations, using only
those profiles with complete height levels (i.e., n = 18) for consistency.
The resulting mean prediction risk as a function of polynomial order is
shown in Figure Al.

From Figure Al, it is evident that polynomial order 5 yields the lowest
prediction risk, suggesting it as the optimal order. However, upon in-
specting the Chebyshev coefficients, we found that C, and C; contrib-
ute marginally to the overall approximation. Moreover, the difference
in prediction risk between orders 4 and 5 is quite small. Therefore, to

—8— Estimated risk (mean)

2 4 6 8 10
Polynomial Order

FIGURE A1 | Estimated prediction risk as a function of polynomial
order.

balance model accuracy with simplicity and interpretability, we opted
for polynomial order 4 in this study.

Appendix B
Selecting Optimum Height Levels for Data Processing

Lidar wind profiles often include missing data at various height lev-
els. For Chebyshev approximation, we selected fourth-order polyno-
mials, which require at least five valid height levels. However, five
points are insufficient to capture complex features like low-level jets
(see Figure 2d). To ensure reliable approximation, we defined the
following criteria for selecting valid profiles: (i) valid wind speed at
10 m, (ii) at least two valid points between 100-200 m, (iii) at least
four between 225-375 m, and (iv) at least two between 400-500 m.
This typically yields nine valid levels per profile.

These conditions are physically motivated. Chebyshev approxima-
tion benefits from valid values near boundaries (e.g., 10 m and 500 m).
While 10m is usually available, 500 m is often missing due to lidar
limitations (e.g., aerosol scarcity, precipitation). Furthermore, the
NOW23 dataset includes only 400 and 500 m levels at the upper end;
hence, our top-level criterion ensures consistency across sources. The
100-200 m layer often shows a steady increase in wind speed, which
can be captured with two values, whereas the 225-375m layer typi-
cally includes inflection points and thus needs more levels.

To validate this setup, we used the Wantagh-1 low-level jet profile and
generated 3500 combinations by selectively sampling valid height levels
a x(2 x(7) x y)= =3500). As shown in Figure B1, the profiles fit-
ted with only ninelevels (gray) closely follow the full-level fit (black).
The best match (red dashed) nearly overlaps with the full-profile fit,
confirming that our conditional selection reliably preserves profile
structure.

500
400
300 A Subset fitted profiles
§ @ Observed profile
= —— Full fitted profile
o
K} Best Match (Subset)
T 2004 == Best Match fitted profile(Subset)
100 A
0 T T T

0.0 2.5 5.0 75 100 125 150 175 200

Wind Speed (m/s)
FIGURE B1 | Illustration of the observed Wantagh-1 low-level jet
profile (red solid circles), all fitted profiles satisfying the adopted height-
level conditions by selectively removing levels (gray lines), the refer-
ence profile fitted using all available height levels (black line), and the
best-matching subset profile that closely replicates the full-level fit (red
dashed line).
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Appendix C

Limitation of 4th Order Polynomial in Capturing Non-
Monotonic Wind Profiles

Figure C1 shows examples of non-monotonic wind speed profiles from
lidar observations across multiple stations. These cases were flagged
by fitting 4th-order Chebyshev polynomials and applying coefficient-
based criteria. The red lines are the 4th-order fits, while the green
lines are the 10th-order fits. As expected, 4th-order polynomials can

(a) 2020-12-31T16:40 (b) 2018-07-07T19:30

only capture profiles with at most two inflection points (or two local
minima/maxima), so they often fall short when the profile has more
complex structure. Higher order polynomials, like the 10th order
used here, have a much better chance of following these complicated
patterns and, in this case, manage to match 6 out of the 8 examples
quite well. That said, profiles with strong fluctuations, such as pan-
els (d) and (h), are still difficult to capture even with the 10th-order
fit. Overall, the 4th-order fits do a decent job of following the general
shape, even though they miss some of the finer local fluctuations.

(c) 2018-07-27T19:40 (d) 2019-04-23T720:20

500 q B q
400 4 4 1 4
E 3004 E | E | E |
= = = =
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@ 200 T 1 T 1 T 1
I I I I
100 A ~ 4 ~
0 3 T T T 3 T T T 7 T T T 3 T T T
Wind Speed (m/s) Wind Speed (m/s) Wind Speed (m/s) Wind Speed (m/s)
(e) 2020-02-03T17:10 (f) 2020-05-03T20:30 (g) 2020-08-05T18:20 (h) 2019-07-29T21:00
500 A 4 B 4
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Wind Speed (m/s) Wind Speed (m/s) Wind Speed (m/s) Wind Speed (m/s)
—--- Observed profile
—e— Chebyshev fitted profile with order 4
—— Chebyshev fitted profile with order 10
FIGURE C1 | Illustration of non-monotonic wind profiles from lidar observations across all the stations. These profiles were identified by fitting

4th order Chebyshev polynomials, then applying a conditional search by setting combinations of C1 < 0, C2 > 0, C3 < 0, and C4 > 0. The Chebyshev
coefficients or 4th order are shown in text box of each subplot. The approximations of these identified profiles with 4th order (red line) and 10th order

(green line) are illustrated in each subplot.
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