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Abstract. In recent years, the global transition towards green energy, driven by environmental concerns
and increasing electricity demands, has remarkably reshaped the energy landscape. The transformative
potential of marine wind energy is particularly critical in securing a sustainable energy future. To achieve this
objective, it is essential to have an accurate understanding of wind dynamics and their interactions with ocean
waves for the proper design and operation of offshore wind turbines (OWTs). The accuracy of met-ocean
models depends critically on their ability to correctly capture sea-surface drag over the multiscale ocean
surface—a quantity typically not directly resolved in numerical models and challenging to acquire using
either field or laboratory measurements. Although skin friction drag contributes considerably to the total
wind stress, especially at moderate wind speeds, it is notoriously challenging to predict using physics-based
approaches. The current work introduces a novel approach based on a convolutional neural network (CNN)
model to predict the spatial distributions of skin friction drag over wind-generated surface waves using wave
profiles, local wave slopes, local wave phases, and the scaled wind speed. The CNN model is trained using a
set of high-resolution laboratory measurements of air-side velocity fields and their respective surface viscous
stresses obtained over a range of wind-wave conditions. The results demonstrate the capability of our model
to accurately estimate both the instantaneous and area-aggregate viscous stresses for unseen wind-wave
regimes. The proposed CNN-based wall-layer model offers a viable pathway for estimating the local and
averaged skin friction drag in met-ocean simulations.

1. Introduction

The global shift towards clean energy resources, driven by both environmental concerns and increasing
electricity demands, has reshaped the energy landscape. The transformative potential of marine wind
energy is critical for achieving the global clean energy goals. In the case of US only, the current 30 MW
installed offshore wind energy capacity of the US is projected to increase to 30 GW by 2030, setting
the nation on a pathway to 110 GW by 2050 [1-3]. This exponential growth underscores the integral
role of offshore wind energy in the energy matrix, reflecting its potential and the increasing reliance on
sustainable sources. Despite the advantages of offshore wind turbines (OWTs) due to stronger and stable
wind speed conditions, locations away from populated areas, and more open space available [4—6], they
are subjected to a harsh environment characterized by constant interactions with both wind and wave
forces [7-9]. Hence, an accurate understanding and characterization of wind dynamics and their interplay
with ocean waves is essential to properly design and operate large offshore wind farms. In particular,
advances in coupled high-resolution meteorological and oceanographic (met-ocean) models offer a fruitful
pathway to achieve this objective.
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Although field measurements have delved into the dynamics of turbine wakes in offshore farms [10-12],
they fall short of elucidating the influence of ocean waves on wake structures and wind-wave-wake
interactions. Laboratory efforts, like those by Fercdk et al. [13] and Bossuyt et al. [14], have attempted to
bridge this gap, but inherent limitations prevent them from replicating the full range of offshore conditions.
In addition, due to the many scales present at the sea surface, high-fidelity numerical simulations are
equally challenging and have severe limitations. In particular, large-eddy simulations (LESs) have been
shown to yield high-fidelity results for flow over the complex sea surface by resolving the large- and
intermediate-scale turbulent motions [15-19]. In recent years, computational studies [20-23] have
provided a better understanding of wind and wave interactions and their impact on offshore wind farm
dynamics and performance. However, resolving the near-surface turbulent flow structures demands a high
computational resolution, which becomes prohibitively costly under a realistic range of diverse sea states
and offshore turbulence parameters. As a result, the near-surface region is typically bypassed through a
so-called wall-layer model [24,25] that directly resolves only a portion of the surface drag variability and
models the unresolved drag contributions.

For atmospheric boundary-layer flows, it is customary to rely on simple, bulk wall-layer models based
on the Monin-Obukhov similarity theory (MOST) [17,26]. However, MOST-based parametrizations
are only valid under equilibrium conditions and lack sea state awareness. In general, the drag at the
ocean surface strongly depends on environmental conditions and is a function of not only wind speed
but also wave height, wave slope, wind-wave alignment, and wave age. As such, these models often
struggle to accurately predict the evolution of wave fields [27—-32]. Further, while more advanced models
do exist to predict pressure-drag contributions for wind-wave boundary layers [33-35], no model yet is
able to accurately capture skin friction contributions. For example, Aiyer et al. [35] recently developed a
sea-surface form drag model (based on the surface gradient drag model of Anderson & Meneveau [36])
for LES of wind—wave interactions that can estimate the air-sea momentum flux without the need for a
separate solver for the wavefield. However, although skin friction contributions may be small in high
wind conditions, they represent a significant percentage of the total wind stress at low-moderate wind
speeds (i.e., wind speeds smaller than approximately 10 m/s) [37-39]. For example, at low wind speeds of
about 2 m/s, the surface tangential stress accounts for more than 80% of the total stress at the air-water
interface, and it remains significant by contributing more than 35% to the wind stress even for wind speeds
of approximately 10 m/s [37-39]. Thus, their accurate representations in met-ocean models are crucial for
OWTs design, given that the average wind speed at the hub height is typically at moderate wind speeds.

The accurate prediction of wind-wave interactions hinges upon the model’s ability to capture sea-surface
drag over multiscale ocean surfaces—a notoriously challenging task due to the presence of complex
interfacial mechanisms. In the absence of accurate physics-based sea-surface drag models [40,41], machine
learning (ML) approaches may offer a practical alternative. Nonetheless, despite various applications of
ML methods in the field of fluid mechanics and turbulence research [42-45], their utilization in air-sea
interaction studies has been predominantly focused on estimating statistical wave characteristics such as
significant wave height and peak wave period [46-51]. Yet, the feasibility of using ML techniques to
reconstruct the turbulent flow over/below surface waves requires to be explored in more detail. In the
present study, we employ a convolutional neural network (CNN) model to predict the skin friction drag
solely from wave profiles and the scaled wind speed. The developed CNN model inputs surface wave
profiles and 10 m wind speed scaled with wave phase celerity and predicts skin friction drag distributions
over wind-driven waves. The CNN is trained using laboratory measurements of velocity fields obtained
over a range of wind-wave conditions. Our model accurately predicts instantaneous and area-aggregate
viscous stresses for unseen wind waves, thus contributing to addressing an important knowledge gap in
met-ocean simulations. The proposed CNN model can be easily tailored to serve as a wall-layer model for
skin friction contributions in wall-modeled LESs of airflow over wave fields. We particularly showed
that the proposed ML-based model could accurately estimate both instantaneous and averaged viscous
stresses for unseen wind-driven waves within the training dataset using surface signatures and wave age
information only.
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The rest of the paper is organized as follows. The methodology, including theoretical background
and experimental data description, is provided in Section 2. Section 3 details the ML-based modeling
approach. The results are presented in Section 4, in which we have assessed the performance of the CNN
model and discuss its capability in reconstructing skin friction drag. The application of the model to
met-ocean modeling and offshore wind energy is briefly explained in Section 5. Finally, a brief conclusion
is presented in Section 6.

2. Methodology

2.1. Theoretical Background

The action of wind induces both momentum and energy fluxes to the ocean surface. The total momentum
flux at the air-water interface, or equivalently wind stress, is the sum of skin friction and form drag, i.e.,

r=1+, (1)

where 7, is the local interfacial shear stress (i.e., skin friction drag) and 74 is the form drag induced by
pressure forces. By definition, the surface shear stress is the tangent component of the stress tensor, acting
parallel to the surface. It can then be obtained by

7, =(Tn)-t, (2)

where 7 =y (Vu + VuT) is the airside stress tensor, u is the absolute viscosity, Vu is the velocity gradient
tensor, VuT is the transpose of the velocity gradient tensor, u = (u,w) is the velocity vector, and (n, t)
are local normal and tangent unit vectors. Given the two-dimensional velocity field with a streamwise
velocity component in the direction of wave propagation, the skin friction drag can then be estimated by

ou Jow on(ow Jdu
Ty—ﬂ(a—z+a)+2ﬂa(a—z—a), (3)

where (u,w) are streamwise and vertical velocities, (x, z) are streamwise and vertical coordinates,
0n/0x = e represents the local wave slope, and 7 is the surface elevation. Here, the skin friction drag is
estimated to the first order in wave slope [39,52]. The form drag can also be expressed by

0
= psa—z, )

where py is pressure at the interface. However, we only focus on the skin friction drag. For a comprehensive
understanding of sea-surface form drag, we refer the reader to the relevant literature (e.g., [17,19,53-58]).

2.2. Experimental Dataset

To train and examine the CNN model, we used the existing raw dataset of Yousefi et al. [37,59]. The
dataset set consists of high-resolution velocity measurements above surface waves, acquired using particle
image velocimetry (PIV) and laser-induced fluorescence (LIF) techniques in the wind-wave tunnel facility
of the University of Delaware. The wave tank of the facility is approximately 42 m long, 1 m wide,
and 1.25 m high, of which only 0.7 m filled with fresh water to ensure sufficient airflow space above
the air-water interface. The LIF technique was employed in combination with PIV to precisely detect
surface profiles within the PIV field of view. This allowed the acquisition of velocity measurements
close to the surface within the airside viscous sublayer, at about 100 pm above the surface. Experimental
measurements were performed for various wind-wave cases with 10-m equivalent wind speeds of 5.08,
9.57, and 14.82 m/s (moderate-strong wind speeds). It should be noted here that we only considered
wind-driven surface waves [40] under no current. In addition, the wind and wave propagation directions
were aligned in the streamwise direction. The experimental conditions are listed in Table 1. The facility,
experimental setup, and image acquisition and processing procedures are described at length in [60].



The Science of Making Torque from Wind (TORQUE 2024) IOP Publishing
Journal of Physics: Conference Series 2767 (2024) 052005 doi:10.1088/1742-6596/2767/5/052005

Table 1. Summary of the experimental data and CNN performance in predicting skin friction drag. The
apparent peak wave frequency (denoted by f) and wave celerity (denoted by C) were obtained from wave
height signals. The friction and 10-m velocities were calculated from the mean velocity profiles.

Uio Us 4 f

% 1. ClUyp Clu. ak RMAE R?

(ms™) (ms™) (m) (Hz)
E-W05  5.08 0.168 012  3.69 025 013 25 026 091
EW09 957 0318 008 246 039 0.19 20 025 091
EWI4  14.82 0.567 006 153 048 026 1.8 029  0.88

Examples of streamwise velocity measurements, along with the corresponding skin friction drag
(calculated as explained above), are shown in Fig. 1 over non-separating and separating wind waves with a
wind speed of Ujp = 5.08 m/s. Here, the velocity fields are normalized by 10-m wind velocity and the
surface shear stress is scaled by the total stress, T = pu2. Over the separating wind wave, while the skin
friction reaches its peak value upstream of the wave crest, it significantly drops downstream due to airflow
separation. In fact, the skin friction becomes negative on the leeward side and remains approximately zero
within the separation bubble. The surface viscous stress gradually recovers past the separated region and
increases to a positive value. In contrast, over the non-separating wind wave, the surface viscous stress
remains positive across the entire wave profile and contributes significantly to the total wind stress. The
experimental dataset consists of approximately 11,300 PIV images, which were split into 80% training,
10% validation, and 10% test sub-datasets.

3. Machine Learning Model

This study aims to develop a data-driven model to accurately estimate the spatial distribution of skin
friction drag of surface wind waves from wave profiles, local slope, local wave phases, and the wind speed
scaled by the wave celerity. In particular, we aim to develop a mapping such that

M :(C/Uyo, 1, &, ©)— Ty, (5)

in which C is the wave celerity defined as the phase speed of the peak energy in the wave-height spectrum,
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Figure 1. An example of the experimental data. The instantaneous streamwise velocities are shown on top
panels along with the corresponding skin friction over a non-separating (left-hand column) and separating
(right-hand column) wind wave for the wind-wave condition of U = 5.08 m/s.
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Uy is the wind speed at the reference height of 10 m above the ocean surface, and ¢ is the local wave
phases. The ratio C /U is called the wave age in the wind-wave-current literature, serving as a surrogate
variable for different sea states. To approximate the above mapping, we employ a CNN-based ML
model. This choice is well-motivated due to the CNN model’s distinguished performance in non-linear
multi-output regression tasks involving structured grid data, such as velocity fields, across a wide spectrum
of scientific and engineering problems [61-64]. These models excel at capturing spatially local features
through filter-based convolutions, exhibit translation equivariance crucial for many physical problems, and
offer scalability advantages [61,65].
The CNN model is thus tailored in such a way that

7, = f(C/Uio, 1, €, ¢; 0), 6)

where 0 represents the parameters of the CNN model that are learned during the training process. To
determine the optimal parameters 0 of the mapping function, we employ the mean squared error (MSE)
loss augmented with ridge regularization (also referred to as L, regularization). This technique serves
as a preventive measure against overfitting by incorporating a penalty term into the loss function. This
penalty term is proportional to the squared magnitudes of the model’s trainable parameters (i.e., 6;), thus
encouraging smaller weights and reducing the complexity of the model, and enhancing generalization
performance [61, 66]. In essence, the goal is to minimize the following objective function:

K
+AZ 6%, (7
j=1

where 7, and 7, represent the CNN model prediction and its corresponding ground truth experimental
result, A is the regularization parameter, N is the number of training samples, and K is the number of
trainable parameters. This optimization process enables the CNN model to learn optimal parameters,
improving its ability to approximate the underlying mapping function.

The CNN model is implemented using the Pytorch library. The f architecture comprises five
convolutional layers, one flatten layer, and two dense layers with Mish nonlinearity [67], defined as
Mish(x) = xtanh[log(1+e*)], applied to all layers except the output layer (which remains linear). For all
convolutional layers, the filter size and number of kernels are set to 3 and 8, respectively. The non-linear
dense layer contains 2,000 perceptrons, while the output layer contains 985 perceptrons. The optimal
CNN-based ML model architecture is illustrated in Figure 2, which has 65,015,401 trainable parameters
(weights and biases) and 0 non-trainable parameters. The architectural details of the CNN model, including
the feature shapes, nonlinearity functions, and the number of trainable parameters associated with each
layer, are also provided in Table 2 for completeness. The trainable parameters are initialized randomly
using values sampled from a uniform distribution, as suggested in [68]. The value of regularization
parameter A is set to 10~* and it is trained end-to-end using backpropagation with the Adam optimizer [69].
We employ a reduced learning rate on a plateau schedule, starting at 5x 10~ and reducing it by a factor of
0.9 when the validation loss plateaus during training. The effective mini-batch size during the training
phase is set to 64.

Here, it should be noted that the CNN model has been trained over an experimental dataset that only
consists of wind-generated surface waves. The wave age of surface waves covers a small range of wind
waves in these constant fetch laboratory experiments. This resulted in waves that only propagate in the
streamwise direction such that wave groups and individual waves within those groups generally align in the
same direction. Therefore, the proposed model may not be applicable for complex seas with the presence
of swell and the resulting wind-wave misalignment in the wavefield. In addition, the complications of
breaking waves and the generation of bubbles and/or spray were largely avoided in these experimental
conditions. As such, the model may not be valid for wavefields with frequent breaking events. Finally, the
model lacks temporal awareness, and the mapping does not account for memory effects and historical
events (for details, see [70-73]).

N
1
Gzarmin—g Pyi—Tyi)?
g@ [Nizl (TV,l Tv,)




The Science of Making Torque from Wind (TORQUE 2024) IOP Publishing
Journal of Physics: Conference Series 2767 (2024) 052005 doi:10.1088/1742-6596/2767/5/052005

Dense
Inputs ‘
Flatten Py

Convolution

Outputs

b

(985,4,8) (985,4,8) (985,4,8) (985,4,8) (985,485 1|

b ©
<

(985,4,1) (2000) (985)

Figure 2. Schematic of the CNN architecture used for estimating the skin friction drag, 7,,, from wave
profiles, 17, local wave slopes, dn/dx, wave phases, ¢, and wave age, C/U;g. The architecture comprises
five convolution layers, one flatten layer, and two dense layers with Mish nonlinearity applied to all except
the output dense layer. Each convolutional layer employs a filter size of three with eight filters. The
non-linear dense layer comprises 2,000 perceptrons, while the output dense layer contains 985 perceptrons.

4. Results and Discussion

In order to assess the performance of the CNN model in reconstructing skin friction drag, we first
inspect the along-wave distributions of surface viscous stress and the model’s ability to capture the effects
of near-surface separation on the skin friction drag (as described in the previous section). Figure 3
shows the predicted instantaneous skin friction drag scaled with total stress (7, /1) for cases with a wind
speed of 5.08, 9.57, and 14.82 m/s along with their respective experimental data for comparison. For
reference, the instantaneous streamwise velocity fields are also shown on top the panels. The CNN model
successfully reconstructed the spatial distribution of the tangential stress, with minor discrepancies in the
peak magnitudes. The model is particularly effective in predicting airflow separation regions downstream
of waves.

To quantify the performance of the model, we computed the coefficient of determination (R?) on the test
dataset (reported in Table 1). The R? is roughly 0.91, 0.91, and 0.88 for wind-wave cases with Ujo = 5.08,
9.57, and 14.82 m/s, respectively, highlighting a high accuracy. Model performance slightly declines with
increasing wind speed, in part due to limitations of PIV measurements in capturing full wave profiles
and increased signal-to-noise ratio at higher wind speeds. These findings highlight the ML model’s good
performance when at least one wavelength is adequately captured in the experimental field of view.

The wave-phase-averaged predictions of the scaled skin friction drag, (f, )/, are also shown and
compared with corresponding measurements in Fig. 4 for a wind speed of 5.08 m/s. The phase-averaging
procedure is described in more detail in [37]. Briefly, the phase-averaged stress data are bin averaged

Table 2. Architectural specifications of the CNN model designed for predicting skin friction drag, 7, .
Here, Conv indicates the convolutional layer and Dense 2 represents the output layer.

. . Number of
Layer Shape Non linearity Parameters
Input (985,4,1) - -
Conv 1 (985,4,8) Mish 80
Conv 2 (985,4,8) Mish 584
Conv 3 (985,4,8) Mish 584
Conv 4 (985,4,8) Mish 584
Conv 5 (985,4,8) Mish 584
Flatten (31520) - -
Dense 1 (2000) Mish 63,0420,00
Dense 2 (985) Linear 19,709,85
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Figure 3. Spatial distributions of normalized skin friction drag obtained from experiments (b, e, h)
and reconstructed by the CNN model (c, f, i) for wind-wave conditions of E-WO05 (left-hand column),
E-WO09 (middle column), and E-W 14 (right-hand column). Also, for reference, normalized instantaneous
streamwise velocity fields (u/Ujg) are plotted on top panels.

according to the local phase of the surface wave profile. In a wave-phase-averaged sense, the CNN
prediction of surface shear stress particularly shows an excellent agreement with the experiment, where it
presents an along-wave asymmetry pattern in which the stress is highest upwind of the wave crest and
a minimum in the middle of the leeward side. The same order of accuracy was also observed for other
experimental cases (not shown here for brevity). Further, to examine the proposed model in reconstructing
the spatial variability of phase-averaged skin friction drag, the pdf of (7,) /7 for both CNN predictions and
measurements is depicted in Fig. 4(c). The pdf plots of the reconstructed viscous stress align remarkably
with those derived from the experiments. These findings underscore the model’s proficiency in predicting
the spatial distribution of phase-averaged skin friction drag.

5. Application to Wind Energy

In the context of offshore wind energy, predicting surface drag, both in terms of its area-aggregate and
spatial distribution, holds scientific significance for several key reasons. Firstly, surface drag modeling
is pivotal for calculating the available wind energy that wind turbines can extract efficiently. Secondly,
surface drag helps in understanding and optimizing the development and propagation of wakes generated
by wind turbines. This knowledge aids in designing wind farms with improved turbine spacing and
layout for maximum energy production. Similarly, surface drag variability introduces uncertainty into
wind energy assessments, which can affect investment and project financing decisions. Reducing this
uncertainty is essential for project viability. Furthermore, precise estimates of surface drag variability
enable the assessment and mitigation of the effects of extreme winds and turbulence on wind turbine
performance and reliability. Lastly, accurate knowledge of surface drag is necessary for evaluating the
environmental impact of offshore wind farms, including factors like sediment transport and water column
mixing, which can affect marine ecosystems and habitats. As mentioned in the preceding sections, the
proposed model can be readily incorporated in LES as a wall-layer model for skin friction, thus providing
a useful tool for optimizing OWT energy extraction while ensuring turbine reliability and mitigating
negative environmental impacts.
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Figure 4. (a) CNN prediction of the phase-averaged skin friction drag, (7,)/7, compared to the
experimental measurements for the case with a wind speed of 5.08 m/s. All stress profiles are scaled using
the total wind stress. In panel (b), the probability density function of (7, )/t estimated by CNN model and
experimental measurements is plotted for the same wind-wave case.

6. Summary

In this work, we investigated the performance of a CNN model in predicting the skin friction drag of surface
wind waves using wave profiles and wave age. The model utilized a combination of convolutional, dense,
and Mish non-linear layers to extract information from a two-dimensional discrete grid of wave variables,
including the wave profile, local wave slope, wave phases, wave age, and surface viscous stress. The
model was trained and evaluated using high-resolution velocity measurements over a range of wind-wave
conditions with wind speeds of 5.08—-14.82 m/s. Overall, the model demonstrated excellent performance
in accurately reconstructing skin friction drag. This was verified through an error analysis using relative
mean and coefficient of determination error metrics and a qualitative inspection of instantaneous stress
profiles. However, despite the model’s effectiveness, we observed a slight increase in the error metrics with
increasing wind speed. Moreover, considering the wave phase dependency, the distribution of skin friction
drag over surface waves is investigated, as this factor is relevant to numerical models. The CNN model
exhibited optimal performance near the wave crest, while its accuracy slightly decreased on the leeward
side of the waves, where airflow separation events occur. This study demonstrates that the CNN-based
model is a promising technique for effectively reconstructing skin friction drag. Importantly, to the author’s
knowledge, it marks the first successful attempt in the literature to model sea-surface drag solely based on
surface signatures. The ability to accurately predict the spatial distribution of skin friction over surface
waves has significant implications from a wind energy perspective.
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