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Abstract: Over several decades, high-frequency (HF) radars have been employed for remotely
measuring various ocean surface parameters, encompassing surface currents, waves, and winds.
Wind direction and speed are usually estimated from both first-order and second-order Bragg-
resonant scatter from two or more HF radars monitoring the same area of the ocean surface. This
limits the observational domain to the common area where second-order scatter is available from
at least two radars. Here, we propose to estimate wind direction and speed from the first-order
scatter of a single HF radar, yielding the same spatial coverage as for surface radial currents. Wind
direction is estimated using the ratio of the positive and negative first-order Bragg peaks intensity,
with a new simple algorithm to remove the left/right directional ambiguity from a single HF radar.
Wind speed is estimated from wind direction and de-tided surface radial currents using an artificial
neural network which has been trained with in situ wind speed observations. Radar-derived wind
estimations are compared with in situ observations in the Lower Saint-Lawrence Estuary (Quebec,
Canada). The correlation coefficients between radar-estimated and in situ wind directions range
from 0.84 to 0.95 for Wellen Radars (WERAs) and from 0.79 to 0.97 for Coastal Ocean Dynamics
Applications Radars (CODARs), while the root mean square differences range from 8° to 12° for
WERASs and from 10° to 19° for CODARs. Correlation coefficients between the radar-estimated and
the in situ wind speeds range from 0.89 to 0.93 for WERAs and from 0.81 to 0.93 for CODARs, while
the root mean square differences range from 1.3 m.s~! to 2.3 m.s~! for WERAs and from 1.6 m.s~! to
3.9 m.s~! for CODARSs.
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1. Introduction

Remote sensing of sea surface winds holds significant value across various research
and commercial applications, including search and rescue, hurricane detection, weather
forecasting, sailing, and fishing activities. Traditionally, ocean wind data has been gathered
through methods such as ship-anemometers, fixed meteorological stations, moored buoys,
or satellite observations. However, each of these methods comes with limitations. Ship-
anemometers provide data only along specific routes, while buoys are confined to single
positions, necessitating expensive deployments of multiple buoys for wider coverage and
frequent maintenance due to the challenging marine environment. Satellite data offer a
wide spatial coverage but are costly and offer limited temporal resolution. Therefore, there
is a clear need for a cost-effective approach that provides wind data over extensive areas
with high temporal resolution. During the last decades, ground-wave high-frequency
(HF) radars have been proven to be an effective tool to measure various ocean surface
parameters. Unlike conventional microwave radars, the signals from these radars can cover
significantly greater distances, because the sea surface is an excellent conductor at HF,
facilitating signal propagation.

Long and Trizna (1973) [1] is one of the earliest papers involving the estimation of
wind from HF backscatter data. In this work, a sky-wave HF radar was employed to
collect measurements of wind direction in the Atlantic, using the ratio between positive and
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negative first-order Bragg peaks. Although this study used a sky-wave HF radar, it initiated
numerous studies that focused on extracting wind direction from the first-order Bragg peaks
of ground-wave HF radars [2-4]. To estimate wind speed, Ahearn et al. (1974) [5] were the
first to propose using the ratio of the second-order continuum close to zero Doppler shift
to the amplitudes of the first-order Bragg peaks. In this region of the Doppler spectrum,
the short waves, which quickly respond to local winds, are responsible for the second-order
continuum. Other authors [6,7] proposed using significant wave height and period derived
from the second-order sidebands of the radar Doppler spectra. However, the use of the
second-order signal reduces coverage due to the lower signal-to-noise ratio, in comparison
to using the first-order signal, and may not represent local wind conditions when swell is
present. A Doppler spectrum of an HF radar is shown in Figure 1, where the first-order sea
echoes are clearly visible, but the second-order echoes do not exhibit a significant elevation
above the background noise level. Stewart and Barnum (1975) [8] proposed deriving wind
speed from the first-order Bragg peak broadening using HF sky-wave radar data, but this
approach has limitations [9].
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Figure 1. An example of a HF radar sea echo Doppler spectrum from the WERA W2 (16.15 MHz)
showing the first-order Bragg peaks. fpg, is the Bragg frequency, and Af is the offset of the
first-order peak relative to the Bragg frequency. The SNR of the first-order peaks are indicated.

Vesecky et al. (2005) [10] proposed a method for estimating wind speed from first-
order signals; however, their approach relies on multi-frequency systems to estimate
near-surface current shear. Shen et al. (2012) [11] investigated the possibility for wind
speed estimation from radar first-order backscatter signals using two different methods.
The first method is based on the absolute energy level of first-order radar peaks, while
the second method is based on the directional spreading of waves at the Bragg frequency.
In both cases, artificial neural network (ANN) analysis is used to establish the relations
between pertinent parameters and wind speed. Wen et al. (2020) [12] employed an ANN to
develop a statistical model linking the wind-driven current speed measured by HF radars
to wind speed. Their approach involved inputting key parameters such as wind direction
and the components of wind-driven current estimated from two radars into the neural
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network. This allowed them to obtain both wind direction and speed with a high degree of
accuracy. Recently, Wyatt (2022) [13] employed the support vector machine (SVR) method
by utilizing features extracted from the radar Doppler spectrum and metocean parameters
linked to wind speed to formulate a wind speed measurement model (refer to Table 3
in [13]). She demonstrated that not all features carry the same weight in the SVR method
(see Table 4 in [13]). To simplify the modeling process, she suggested removing features
with low or negative importance. However, it is noteworthy that the relative importance of
features varies across different sites, resulting in distinct models for each site (see Figure 8
and Table 5 in [13]).

All the previous methods necessitate two or more overlapping radar sites, which limits
the spatial coverage. In order to expand the estimation of wind fields to regions covered
by a single HF radar, we propose to modify the ANN approach of [12], by utilizing radial
currents and wind directions obtained from a single HF radar as the input parameters for
the ANN. Consequently, our ANN model comprises two inputs and one output, allowing
for effective wind field estimation in areas monitored by a single HF radar. The expression
relating wind direction to the first-order spectral peaks is revisited in Section 2. Additionally,
Section 2 provides a description of the neural network used to estimate wind speed.
Section 3 documents the study area and data. In Section 4, wind fields obtained from
real radar data are compared to in situ wind observations from a buoy or meteorological
station. Finally, in Section 5, we present a discussion that encompasses an examination of
the method’s limitations and offers recommendations for future research directions.

2. Methods
2.1. Wind Direction Estimation by a Single HF Radar

Assuming that the wind direction aligns with the direction of waves exhibiting maxi-
mum amplitude (a reasonable assumption for wind waves), it becomes possible to derive
the wind direction using the ratio (R) of the power of the two Bragg peaks. To establish a
relation between R and the wind direction, the assumption is made that the distribution of
surface wave energy, in equilibrium with the local wind, can be modeled as the square of a
hyperbolic secant function [11,14]

G(6) = - sech? (-6), 1)

where 6 is the angle relative to the wind direction and f is the directional spreading
parameter. In the literature, a number of directional distributions have been proposed,
in particular, the cardioid distribution which is often used (Figure 2, black line). However,
we choose the squared hyperbolic secant function (see Figure 2, orange line) because it has
been demonstrated to provide the most realistic upwind to downwind ratio conditions for
ocean wavelengths ranging from 5 to 20 m [11].

The directional spreading parameter is expressed as [15]

2.28(kg /kp) 06 ;097 < kg/kp <256
T\ 10704408393 exp [-0567In (ks k)] g Jky > 2.56, 2)

where kp is the Bragg wavenumber and k is the peak wavenumber.
The ratio of energy between approaching and receding Bragg waves is

G(m+ ¢o — 0w)
G(‘PO - Gw) '

where ¢ is beam direction of the radar and 0, is the wind direction.

R =
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For each radar grid point, solving for 8, yields two possible solutions [11]
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(5)

which are, respectively, to the left and to the right of the radar beam direction. Traditionally,
to resolve this directional ambiguity, estimates from a second radar site that observes the
same ocean grid point from a different angle are used (e.g., [3]). However, this limits the area
where the wind direction can be estimated without ambiguity to the overlap of the areas
observed by both radars, which is generally smaller than the areas observed by each radar.
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Figure 2. The distributions of surface wave energy relative to the wind direction angle are illustrated
for scenarios with the wind blowing towards (left), at a right angle (middle), and away from
(right) the radar look direction. The backscatter spectra below illustrate the relative heights of the
approaching (+fg) and receding (—fg) Bragg peaks for each corresponding case. This figure is
adapated from Fernandez et al. (1997) [3].

Huang et al. (2004) [4] proposed an algorithm to remove the ambiguity for a single
radar site. Which direction to choose (left or right) is determined by minimizing the sum of
the absolute differences among all possible wind directions derived from three different
radar beams (see Equation (10) in [4]). Their algorithm relies on the assumption that wind
directions vary slowly across the radar domain. We make the same assumption, but use
a different method to remove the wind direction ambiguities with a single HF radar. For
each grid point, we select all grid points with radar beam directions within £45° of the
reference beam direction, and with ranges within 2.5 km of the reference range (Figure 3),
and estimate 6y, i and O, for all these grid points. The idea is that for each grid point
either 6y, 51 OF Gwﬂ.gh , will yield the correct wind direction, which should be similar for all
grid points, while the other solution will yield an incorrect wind direction, which should
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differ among all grid points (see Figure 3). Hence, the true wind direction representative
of the selected area, Oy, is given by the modal direction of the histogram of all possible
directions (merging Oy, , and Oy, together, see Figure 4). Finally, the wind direction at
the reference grid point is the one that minimizes the absolute difference with .

Wind i

+Ar

Radar

Figure 3. Schematic to remove the wind directional ambiguity using a single HF radar. The gray area
is used to obtain the histogram of all possible wind directions.
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Figure 4. Histograms of (a) the left solutions, (b) the right solutions and (c) both solutions (left and
right). The modal direction is indicated by the vertical line in (c).

2.2. Wind Speed Estimation by a Single HF Radar

We propose to estimate wind speed with a method based on radar-measured wind-
driven currents and wind directions estimated as above, in which an ANN is employed to
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determine a statistical relationship between wind-driven currents and wind speed. The
ANN is a statistical learning algorithm capable of performing rapid, non-linear calculations
and processing complex information. Usually, ANNSs are employed to estimate unknown
functions dependent on multiple inputs. The architecture of an ANN comprises intercon-
nected nodes, or neurons, each representing a specific transfer function. Different weights
are assigned to the connections between nodes, serving as memory for learned patterns.
The learning process of an ANN involves adjusting these weights based on a provided
training data set.
We decompose the radial surface current (u5) measured by the HF radar into three
components
ug(r,0,t) = u(r,0,t) +1i(r,0) +u,(r,0,t), (6)

where 1;(r,0,t) is the tidal current, ii(r,6) is the time-averaged current, u,(r,6,t) is the
residual current, r and 6 are range and bearing of HF radar, and ¢ is time. To obtain
residual currents, tidal and mean currents are removed from the radar-measured surface
currents (see Equation (6)). Tidal currents are estimated using the Matlab T-Tide harmonic
analysis toolbox [16]. The residual currents include wind-driven currents plus time-varying
geostrophic currents that cannot be estimated from HF radar measurements. The wind-
driven currents include currents driven by the wind stress and Stokes drift induced by the
surface waves [17].

The relationship between wind-driven current speed and wind speed is complex
and cannot be precisely expressed through an analytical expression. ANNSs serve as a
network structure specifically designed to handle the complex and unknown relationships
between dependent parameters. The back-propagation (BP) neural network stands as the
most commonly utilized type of ANN, featuring an input layer, hidden layer(s), and an
output layer. In BP, the network error gradient with respect to the weights is computed,
and subsequent weight updates are performed in the opposite direction of the gradient.
In the literature, it has been demonstrated that a three-layer BP network, with a sigmoid
transfer function, has the capability to approximate nonlinear equations. To select the
optimal architecture, it is necessary to explore different combinations, identifying the one
that produces predictions within a specified tolerance. The network utilizes error BP
training with a Levenberg—Marquardt algorithm and is implemented using MATLAB’s
Neural Network Toolbox. The ANN takes de-tided radial HF radar currents and wind
directions as inputs, with the output being the wind speed. The performance of a neural
network relies on its architecture. Selecting the optimal architecture is not governed by
universal rules; rather, this process may entail a trade-off between computational time
and performance (Figure 5), prompting the user to prioritize one based on their specific
requirements. Here, the ANN structure consists of three layers, with four neurons in the
input layer, twelve neurons in the hidden layer, and three neurons in the output layer
(Figure 6).

Training for this ANN configuration is carried out using wind data from the buoy
PMZA-Riki, and current data from the WERA W2 and the CODAR C1 for the summer
2013. For the winter 2016-2017, the wind data from the meteorological station in the
Bic Channel and the current data from the WERA W1 and the CODAR C1 have been
used. Separate ANNSs are trained for WERA and CODAR radars due to their different
radio frequencies. For each ANN, the input parameters are exclusively sourced from a
single radar. In this work, we chose to allocate 70% of the data randomly as the training
dataset, while the remaining data was split into a validation set (15%) and a test set (15%).
Training is based on the differences between the network’s output and the observed wind
speed (loss function). Training is considered optimal when the loss function reaches a
local minimum. The training dataset serves to calibrate the internal weights of the ANN,
whereas the validation dataset is used during the iterative training process to determine
the point of best ANN prediction while avoiding over-fitting. The test dataset serves the
distinct purpose of independently assessing the skill of the final ANN model.
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Figure 5. Training time and SI (relative to buoy PMZA-Riki observations) for different ANN architectures.
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Figure 6. ANN structure used for wind field estimations with a single HF radar.

2.3. Statistical Analysis of Data

Two metrics have been used to compare the results of our methods with observations.
For the wind field, we use the complex correlation coefficient [18]

(Wi (t) - WHER (1))

R= <W;b5(t) 'Wobs(t)>1/2<wgp1{(t) 'WHPR(t)>1/2’

)

where w;; is the observed wind speed (in complex form wps = Uyps + iUps), WHER is the
wind speed estimated from the radar, and the asterisk indicates the complex conjugate.
The complex correlation can be written as R = |R|e’, where 6 represents the average angle
between w,;s and wyrr. For the wind direction and speed, we use the median-product
correlation coefficient defined by Shevlyakov et al. [19] as

med?|a| — med?|b|

med?|a| + med?|b|’

r(x,y) = 8)
where a = (x — med(x)) + (y —med(y)) and b = (x — med(x)) — (y — med(y)) (see [17]
for a detailed description and justification of this choice).

Confidence intervals for the correlation coefficients are determined through the boot-
strap method, by generating 1500 bootstrap samples from the original linear regression
residuals, as detailed in [20].

To assess the accuracy of HF radar wind speed estimations in comparison to previous
studies, we employ the scatter index, as defined by byWyatt (2022) [13] as

Slmax - me ’ (9)

where max is the maximum of the wind speed and rms is the root mean square wind
speed differences.
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3. Study Area and Data
3.1. Study Area

Our study area is the Lower Saint Lawrence Estuary (LSLE) in Québec, Canada (see
Figure 7). The LSLE stretches between 20 and 50 km in width, extending from the mouth
of the Saguenay River to Pointe-des-Monts [21]. The LSLE is a vertically and laterally
stratified estuary, where baroclinic coastal currents, density fronts and eddies can form
due to buoyancy fluxes and baroclinic instabilities [22]. Currents in the LSLE are also
driven by winds [23], river outflows [24], and tides [25]. The tidal pattern in this region is
primarily semidiurnal, with tidal amplitudes increasing from downstream to upstream [26].
The prevailing waves in the LSLE are commonly generated by local winds that mainly
blow from the southwest. These winds reach their peak intensity during the winter season
and are channeled along the estuary’s longitudinal axis by the coastal mountains on both
shores [22].

While surface waves are often constrained by fetch limitations, wave heights can
frequently attain 1 m and occasionally surpass 3 m [27]. Between October 2016 and April
2017 (winter 2016/17), the study area experienced primarily moderate winds from various
directions (see Figure 3a in [17]). During winter storms, wind speeds could surpass 20 m/s,
creating favorable conditions for the development of storm waves. From May to October
2013 (summer 2013), prevailing winds predominantly blew from the southwesterly and
northeasterly directions (see Figure 3b in [17]).

Gulf of

2
St.Lawrence {’

‘-..///."L//
_.,,///Q///

,,,/;/@//
G g il A /\(//,396”

,//////,(E;W

—»Wind speed [10m.s™"]

®PMZA-Riki buoy

AWERAs

VCODARs
Meteorological
station

W w v prom

Figure 7. (a) Map of the Gulf and (b) the lower Estuary of Saint Lawrence. The black-outlined
rectangle in (a) delimits the study area in the lower Saint Lawrence Estuary. The instrument locations

are indicated, and the wind field predicted by a numerical model, for the 1 January 2017 at 23h00, is
shown by the blue arrows. The black lines indicate isobaths.
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3.2. Data
3.2.1. HF Radars

Since November 2012, four high-frequency (HF) radars have been deployed and
operational in the LSLE, measuring hourly surface currents. This study utilizes radar
measurements obtained during the summer of 2013 and winter 2016-2017. Two Coastal
Ocean Dynamics Applications Radars (CODARs) were positioned on the south shore of
the LSLE (C1: 48.5171°N, 68.4706°W, with a frequency of 12.5 MHz; and C2: 48.6095°N,
68.2347°W, with a frequency of 13.5 MHz). On the north shore, two Wellen Radars (WERA)
were deployed (W1: 48.5733°N, 69.1344°W; and W2: 49.0426°N, 68.4580°W), both operating
at a frequency of 16.15 MHz. Detailed radar system parameters for this experiment are
provided in Section 2.b of [17]. To minimize measurement noise, we implemented the
majority of the quality control tests outlined in QARTOD [28] (see [17] for a detailed
description). This included the application of a signal-to-noise ratio (SNR) threshold,
as detailed in Section 4.

To determine the direction of the backscattered sea echoes, WERAs and CODARs use
different techniques: beam forming and direction finding, respectively. With the direction
finding technique, we use the ratio of the SNR of each Bragg peak to obtain the ratio of the
Bragg peaks power R (see Figure 1). The SNR of the Bragg peaks and the radial currents
are obtained from the radial metric files, which were processed using the toolbox of B.
Emery [29]. With the beam forming technique, the Bragg peak powers were obtained
directly from the beam-formed spectra, which are used to compute the radial currents,
and were processed with the package of Gurgel et al., 1999 [30]. Both WERAs and CODARs
data were hourly averaged.

3.2.2. Meteorological and Model Data

During summer 2013, an oceanographic buoy (PMZA-Riki, 48.66722°N, 68.84389°W,
operated by Institut Maurice-Lamontagne; Figure 7) was moored in the field of view of
the radars and measured wind direction and speed at 10 m height every 15 mn. During
winter 2016-2017, there was a meteorological station located on Ile Bicquette (48.6676°N,
68.5811°W) that measured wind direction and speed at 10 m height every half hour.

In addition, hourly wind speeds were acquired from a regional configuration of the
High Regional Deterministic Prediction System (HRDPS) atmospheric model, centered over
the St. Lawrence Estuary, with a horizontal resolution of 2.5 km. This model is operated by
Environment and Climate Change Canada for weather prediction [31].

4. Results

One of the most important quality control parameters is the SNR of the Bragg peaks.
Figure 8 shows the correlation coefficient between the observed wind direction and that
estimated from the radar data as a function of the SNR threshold value. Correlation
coefficients increase from R < 0.90 at SNR < 5to R > 0.96 at SNR > 10 for all HF radars,
but the number of observations sharply decrease for SNR > 8. Thus, we choose an SNR
threshold of 8 dB as a compromise between data quality and quantity.

Figure 9 shows scatterplots of wind directions and speeds measured at PMZA-Riki
buoy versus estimated from the closest radar data during summer 2013. Correlation
coefficients are above 0.90. There is less scatter but also less data for the CODAR than for
the WERA radar. Wind directions are slightly better correlated and have less scatter than
wind speeds. As a result, wind speed time series estimated from radar data are noisier than
in situ observations, but the low-frequency temporal variability is well resolved (Figure 10).
Columns 2-5 of Table 1 summarize the statistical comparisons between wind field estimated
and measured for all HF radar—in situ instruments pairs. For wind direction, the highest
correlations (0.90-0.96) are obtained during the summer 2013. For wind speed, the average
correlation coefficient is 0.91 for all types of HF radars.
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of data points (red lines) as a function of SNR threshold values, for W2 WERA (solid lines) and C1
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Figure 10. Time series of (a) wind direction and (b) wind speed in winter 20162017 from in situ

observations (red), numerical model HRDPS (blue) and W2 WERA (black).

Table 1. Statistical metrics for the comparisons between HFR and in situ wind direction (first lines)
and speed (second lines) for the summer 2013 and for the winter 2016-2017. For the radars that are
used for training the ANNSs, metrics are computed on the test datasets.

Number of Points r RMS SI
317 (Training)

0.96 £ 0.04 10 -

Cl—Training 68 (Validation)
68 (Test) 0.92 + 0.02 1.6 0.09
0.97 £ 0.04 16 -
<2 456 0.93 +0.05 1.6 0.10

Summer 2013 o
1573 (Training)

0.95 + 0.04 8 -
W2—Training 337 (Validation)
337 (Test) 0.93 + 0.05 1.3 0.08
0.94 + 0.04 12 -
Wi 2243 0.93 + 0.02 1.5 0.09
250 (Training) 0.81 + 0.03 16 )
Cl—Training 54 (Validation) ’ ’
54 (Test) 0.83 + 0.05 3.1 0.12
0.79 + 0.04 19 -
<2 289 0.81 + 0.05 3.9 0.15

Winter 2016-2017
1494 (Training)

W1—Training 320 (Validation)
320 (Test)

0.87 £0.04 9 -
0.91 + 0.02 22 0.09

0.84 £ 0.02 12

w2 1889 0.89 + 0.05 23 0.09

Comparisons with in situ observations are only available at specific locations. To
characterize the spatial robustness of wind estimations from HF radars, we computed the
complex correlation coefficients between wind vectors estimated from W2 WERA radar
and simulated by the atmospheric model (Figure 11). In the region close to the radar,
the modulus is higher than 0.7. However, the phase is non-zero over most of the region,
because the radar data show greater spatial variability than the model (e.g., Figure 12).
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Figure 11. Spatial distribution of (a) modulus and (b) phase of complex correlation coefficients, R,
between wind velocities estimated from W2 WERA and simulated by HRDPS for the winter 2016-2017.
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Figure 12. Winds estimated from W1 (blue arrows), W2 (red arrows), C1 (green arrows), C2 (black
arrows), measured at Bic station (magenta arrow), and simulated by HRDPS model (gray arrows) at
11h00, 27 January 2017.
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5. Discussion

To determine the wind direction from data acquired by a single HF radar is challenging
due to inherent direction ambiguities. Huang et al. (2004) [4] proposed an algorithm to
resolve the ambiguity assuming that wind directions vary slowly over the observational
domain. Based on the same assumption, we propose a different method which yields
improved results (an average increase in correlation coefficients of approximately 14%,
not shown).

Several methods have been proposed in the literature to derive wind speed from HF
radar measurements, which always required data from at least two overlapping radars.
Here, we propose a novel approach for estimating wind speed from the first-order radar
spectral peaks, yielding the same spatial coverage as for radial currents. Table 2 compares
our results with those of previous studies using two metrics: the correlation coefficient
and Sl;.x. The first method, as outlined in Table 2, is the inverse wind-wave modeling
approach by Dexter and Theodoridis (1982) [6], which relies on the second-order spec-
trum. However, this method becomes less reliable in the presence of swell, particularly in
conditions of light winds [13]. Other methods exclusively utilize the first-order spectrum
and encompass partial least squares (PLS) [10], ANN [11,12,32], and physical models for
first-order amplitudes [33,34]. Furthermore, Zeng et al. (2016) [32] utilized different meto-
cean parameters, which include mean period, significant wave height and wind direction
as inputs in their ANN approach. Some of the correlation coefficients for HF radar wind
speed estimations that have been obtained in this study, as summarized in column 4 in
Table 2, are higher than any reported values in the literature. Furthermore, some of the
Slyax of the HF radar wind speed estimations surpass any reported in the literature to date
(see column 5 in Table 2).

Table 2. Comparisons of published methods for estimating wind speed from HF radars. * We read
the limits on Figure 7 in [12]. This table is adapted from Table 1 in Wyatt (2022) [13].

Source Method Site # g(:)g:fli:;:;ltl SImax  Max Speed  Min Speed

Dexter and Theodoridis, 1982 [6] Inverse wave model 2 - 0.35 15 -
Vesecky et al., 2005 [10] Partial Least Squares 2 0.8 - 14 4
Shen et al., 2012 [11] ANN using first-order peaks 2 0.79-0.84 0.1 20 5

Shen et al., 2012 [11] ANN usins spreading 2 0.65-0.68 0.14 20 5

Zeng et al., 2016 [32] ANN using ocean parameters 2 0.65-0.68 0.13 13 5

Wen et al., 2020 [12] ANN using first-order peaks 2 0.80-0.86 - 17* 0*
Emery and Kirincich, 2021 [34] First-order peaks [33] 2 0.63-0.75 0.19 10 -
Wyatt, 2022 [13] SVR method 2 0.82-0.95  0.13-0.20 20 -

This study ANN using first-order peaks 1 0.79-0.97  0.08-0.15 24 2

Our method to estimate wind speed is similar to that used by Wen et al. (2020) [12]
but is based on radial currents instead of vector currents as input to the ANN, so it can
be applied to a single HF radar. The method relies on wind-induced currents dominating
the residual currents measured by the HF radar (defined in Equation (6)), as shown in
Figure 13 (see also Figure 5b in [12]). In regions where wind-induced currents are not
dominant, the methodology proposed here may encounter limitations. To address this
issue, multi-frequency radars should be used to measure currents at different effective
depths, yielding measurements of the currents vertical shear, which should be used as the
input for the neural network in addition to the wind direction. This should enhance the
model’s adaptability to diverse environments, since near-surface current shear is mostly
wind-induced [35].

The wind direction and speed estimated with HF radars rely on the relationship
between wind and surface waves and currents. However, a consequence of utilizing the
first-order peaks of the radar’s Doppler spectrum is the limit of the relationship to a single
frequency in the ocean wave spectrum, corresponding to the radar’s frequency-dependent
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Bragg resonant ocean waves. This limitation confines the range of wind speeds that the
specific Bragg frequency can effectively respond to. In previous studies, comparisons
between wind inversion methods for light winds (see Figures 9, 11 and 13 in [11] or
Figures 3 and 6 in [32]) revealed low limitations attributed to the absence of Bragg waves
under such conditions, rendering radar observations ineffective [11]. However, our results,
similar to Figure 7b in Wen et al. (2020) [12], do not exhibit the same limitation. A possible
explanation is that when low wind speed periods are sufficiently short, such as the example
shown in Figure 10, Bragg waves do not have time to be completely damped before
being reinforced again by the wind, and therefore, HF radars are still measuring surface
currents during these low-wind conditions, enabling the ANN to infer the low wind speeds.
However, to identify the range of wind speed for which our method yields accurate wind
directions, we computed the average absolute value of differences between in situ and
radar wind directions versus wind speed (with 1m/s bins, see Figure 14). Our method
yields an average accuracy better than 5 degrees for wind speeds ranging from 2 m/s to
24 m/s.

25 T

20 o Meteo station 1
+ ANN
15 1

10

Radial Wind speed [m/s]

.25 I L 1 J
-1 -0.5 0 0.5 1

Residual radial current [m/s]

Figure 13. Wind speed projected in radar direction, shown in black for the meteorologic station and
in red for the ANN, versus residual radial current from W2 in winter 2016-2017.
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—-
(=]
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Figure 14. Median absolute value of differences between in situ and radar wind directions versus
wind speed in winter 2017 (black line) and summer 2013 (red line). Dashed line indicates a threshold
value of 5 degrees.
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6. Conclusions

The utilization of HF radars for wind mapping offers the advantage of providing data
across a broad area with high spatial and temporal resolution. By using the first-order
spectral peaks from a single HF radar, our method provides identical spatial coverage as
observed for radial surface currents. The method uses an ANN to establish the relationship
between residual radial currents and wind direction as inputs, and wind speed as the
output. After training, the precision and adaptability of the ANN are verified over two
distinct periods: summer 2013 and winter 2016-2017, utilizing data from four different
radars. The correlation coefficients between radar-estimated and in situ wind directions
range from 0.84 to 0.95 for the WERAs and from 0.79 to 0.97 for the CODARs. Similarly,
the correlation coefficients between radar-estimated and in situ wind speed range from
0.89 to 0.93 for the WERAs and from 0.81 to 0.93 for the CODARs.

In exploring the adaptability of this trained ANN to different locations or radar
frequencies, it is essential to acknowledge inherent limitations. The applicability of the
ANN, as showcased in this study;, is precisely tuned to the environmental conditions and
radar frequencies employed during its training and validation. Therefore, applying this
ANN to another radar of the same frequency but in a different environment, or another
radar in the same environment but at a different frequency, should be approached with
caution. As an example, we used the ANN trained by the C1 radar (12.5 MHz) and
applied it to estimate wind speed using data from the W1 radar (16.15 MHz), yielding a
decrease in correlation coefficient with observed wind speed of ~0.1. Despite this limitation,
the method'’s interest lies in its capability to train the ANN using an in situ meteorological
station for a limited period. Following the training phase, the ANN can be employed for
subsequent HF radar operations. In the future, further validation will be necessary under
various environmental conditions and radar frequencies.
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