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Abstract. Advanced wind energy technologies require predictions of the dynamic behaviour of wind turbine
wakes. In this work, we present a dynamic wind turbine model, PhyWakeNet, a physics-integrated generative ad-
versarial network-convolutional neural network (GAN-CNN) model for wind turbines under aerodynamic force
oscillations. The model combines three interconnected submodels for the time-averaged wake, wake meandering,
and small-scale wake turbulence. The time-averaged wake model derives from mass and momentum conserva-
tion based on the concept of momentum entrainment, which is computed based on the wake meandering and
small-scale wake turbulence models. The wake meandering is captured through conditional GAN-reconstructed
spatial modes and a neural-network-enhanced dynamic system for temporal evolution, while the small-scale
wake turbulence is generated via a CNN based on the time-averaged wake, wake meandering, and inflow turbu-
lence. The test cases show that the PhyWakeNet model accurately predicts the wake statistics, with the error of
the time-averaged velocity deficits, the variance of the streamwise velocity fluctuations, and the wake meander-
ing amplitude to be less than 1 %, 10 %, and 15 %, respectively. Moreover, the model also accurately captures
the large-scale temporal variations of instantaneous wake centres and velocity deficits, enabling applications in
wake management to mitigate aerodynamic loads and power fluctuations in wind farms.

1 Introduction

Wind turbine wakes significantly impact wind farm per-
formance by reducing power output, increasing aerody-
namic loads, and contributing to power output fluctuations
(Barthelmie and Jensen, 2010; Stevens and Meneveau, 2017;
Meyers et al., 2022). Emerging advancements in wind energy
technology (Howland et al., 2022; Meyers et al., 2022) aim
at active control of wind turbine wakes to mitigate their neg-
ative impacts. This presents new challenges to computational
wake modelling, that not only the time-averaged statistics but
also the dynamic behaviour of wind turbine wakes need to
be captured. However, the modelling capabilities of existing
wake models remain limited, with most of them developed
for time-averaged wakes. One critical challenge is the incor-
poration of aerodynamic force oscillations, a critical factor
triggering wake meandering (Li et al., 2022b; Messmer et al.,

2024) – the most important coherent flow structures in the
far wake. In this work, we propose a novel modelling frame-
work that integrates physical principles with advanced ma-
chine learning techniques to predict the dynamic behaviour
of wind turbine wakes under aerodynamic force oscillations.

Wind turbine wake modelling approaches range from
computationally intensive large-eddy simulation (LES) to
fast analytical models. LES directly resolves the energy-
containing eddies in atmospheric turbulence while modelling
subgrid-scale effects on the resolved flow field. For wind tur-
bine wake simulations, blade aerodynamics is typically pa-
rameterized through forcing terms to mitigate computational
loads (Li et al., 2022d). Despite these parameterizations, the
LES of wind turbine wakes still requires substantial com-
putational resources, with simulation times extending from
days to weeks depending on the required spatiotemporal res-
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olutions and the spatiotemporal span of interest. This sub-
stantial computational demand renders LES currently im-
practical for wind energy project design and control opti-
mization applications. Analytical wake models, which are
often formulated based on the one-dimensional conservation
laws, are widely used in wind energy applications because
of their computational efficiency. The Jensen model (Jensen,
1983) represents a typical example in this category, which
models the variations of downwind velocity deficits through
a wake expansion model and an assumed top-hat velocity
deficit distribution. To address the limitation of unrealistic
top-hat distribution, the following development of analyti-
cal models employed different velocity deficit distributions
(e.g. Gaussian function or cosine function (Bastankhah and
Porté-Agel, 2014; Xie and Archer, 2015; Tian et al., 2015)).
Intermediate-fidelity models have also been developed, ex-
emplified by approaches solving simplified Navier–Stokes
equations (Ainslie, 1988) and the vortex-based methods (Se-
galini and Alfredsson, 2013). These mid-fidelity models of-
fer enhanced physical representation by directly resolving
additional spatial dimensions, thereby eliminating the need
for predefined wake shape assumptions. Despite their ad-
vantages, mid-fidelity models share a fundamental limitation
with analytical wake models: neither approach can predict
dynamic behaviour of wind turbine wakes.

The main coherent flow structure of interest for turbine–
turbine interactions is wake meandering, a large-scale low-
frequency motion of wind turbine wake in the transverse
directions. The most well-known wake meandering model
is the dynamic wake meandering (DWM) model developed
at Denmark University of Technology (DTU) (Larsen et al.,
2008). The DWM model is based on the assumption that the
wake can be treated as passive scalars advected by inflow
large eddies with the employment of Taylor’s frozen flow
hypothesis (He et al., 2017). Scale-by-scale turbulence ki-
netic energy analysis showed that the inflow eddies with the
integral length scale greater than ∼ 3D (where D is the ro-
tor diameter) are effective in advecting wind turbine wakes
(Zhang et al., 2023). The shear-layer instability mechanism
is another important mechanism for wake meandering. It
has been systematically demonstrated using numerical sim-
ulations (Mao and Sørensen, 2018; Gupta and Wan, 2019;
Li et al., 2022c), wind tunnel experiments (Messmer et al.,
2024; Schliffke et al., 2024) and field tests (Angelou et al.,
2023). Blade aerodynamics, especially its temporal force os-
cillations, is a critical factor for the onset and the strength of
wake meandering, and is becoming a novel principle for ac-
tive wake control strategies (Li et al., 2022c; Messmer et al.,
2024).

Data-driven approaches have been developed in the lit-
erature for wind turbine wake flows – either their mean
statistics or instantaneous features. In the work by Ti et al.
(Ti et al., 2020), an artificial neural network (ANN) model,
trained on RANS-generated datasets, was developed for pre-
dicting the mean velocity field. To enable a certain de-

gree of physical interpretability, Gajendran et al. (Gajendran
et al., 2023) developed closed-form expressions for predict-
ing time-averaged wake deflection and velocity deficit using
a symbolic regression method for yawed wind turbines. The
physics-informed neural network (PINN) method was also
employed for predicting the time-averaged wake flows. For
instance, it was integrated with the k–ε turbulence model
with an actuator disc representation in Gafoor et al.’s work
(Gafoor CTP et al., 2025). Data-driven models for instan-
taneous wake features are often developed using mode de-
composition and machine learning methods. In the work by
Zhang and Zhao (Zhang and Zhao, 2020), they proposed a
reduced-order model that combines proper orthogonal de-
composition (POD) with long short-term memory (LSTM)
networks for instantaneous wakes. In the work by Zhou
(Zhou et al., 2023), on the other hand, the delayed POD (d-
POD) is employed with LSTM. End-to-end models for the
entire flow field have also been developed. For instance, He
et al. (Li et al., 2022a) developed a bilateral convolutional
neural network (BCNN) model, trained on high-fidelity LES
datasets, to capture the spatiotemporal evolution of turbine
wakes. Despite these advancements, developing data-driven
models for instantaneous wakes faces significant challenges.
The end-to-end approach has the advantage of capturing a
wide range of scales in turbulent wakes. However, such an
approach requires large training datasets, which are com-
putationally expensive to generate, to enable a certain de-
gree of generalizability. Modal decomposition-based meth-
ods, on the other hand, generally emphasize large-scale co-
herent structures associated with wake meandering. As a re-
sult, small-scale fluctuations are often excessively smoothed,
and high-frequency dynamics are not adequately resolved.
Moreover, most existing data-driven wake models focused
on steady rotor aerodynamics. Consequently, they are inap-
plicable to wakes of wind turbines subject to dynamic rotor
controls and to wakes of floating offshore wind turbines.

To address the above challenges, we develop a novel dy-
namic wake model, which is dubbed as PhyWakeNet, that
synergistically combines physical principles with machine
learning methods to compute the spatiotemporal character-
istics of wind turbine wakes subject to aerodynamic force
oscillations. The proposed model integrates three intercon-
nected submodels: (1) a time-averaged wake model; (2) a
wake meandering model; and (3) a model for small-scale tur-
bulence. The key innovative contributions are summarized as
follows: (1) introduction of triple velocity decomposition for
dynamic wake modelling, which enables scale-specific rep-
resentations of wake dynamics; (2) accounting for aerody-
namic force oscillations in the wake meandering model; and
(3) physics-based coupling through the use of the turbulent
entrainment concept and the use of coherent structures and
inflow turbulence as input features for generating small-scale
velocity fluctuations.
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2 Methods

The proposed PhyWakeNet model is based on the decompo-
sition of the instantaneous velocity u(x, t) as follows:

u(x, t)= u(x)+ ũ(x, t)+u′′(x, t), (1)

where u, ũ, and u′′ denote the time-averaged, wake mean-
dering, and small-scale fluctuating velocity components, re-
spectively. The model requires two primary inputs: the at-
mospheric flow conditions (Caf) and the turbine operating
conditions (particularly control actions for active wake con-
trol, also denoted as Cop. Cop (operational conditions) in-
cludes the turbine operating and control conditions that may
induce unsteady aerodynamic loading and wake modulation.
This category encompasses the turbine-thrust-related operat-
ing state (e.g. thrust coefficient CT) as well as control ac-
tions capable of introducing aerodynamic force oscillations,
such as individual blade pitch control (IBPC) and dynamic
yawing. For the cases considered in this study, representa-
tive oscillation parameters (e.g. forcing frequency StF and
amplitude A) are briefly indicated here, while their detailed
specifications are provided in the case setup section. The ve-
locity field u= u+ ũ+u′′ constitutes the model output. The
time-averaged velocity field u(x) is derived from mass and
momentum conservation principles. The wake meandering
component ũ(x, t) is modelled through (1) a conditional gen-
erative adversarial network (CGAN) for the dominant spatial
modes and (2) a data-driven dynamical system for tempo-
ral evolution. The small-scale velocity fluctuations u′′(x, t)
are generated by a convolutional neural network (CNN) that
takes both the inflow conditions, and time-averaged and wake
meandering flow field as inputs. The coupling of the three
submodels is enabled by both physical insights and machine
learning methods. A key challenge is to quantify the en-
hanced wake–ambient flow mixing induced by active wake
control strategies, which is modelled based on the momen-
tum entrainment concept, quantifying the combined effects
of wake meandering and small-scale velocity fluctuations on
wake recovery. In the following of the paper, u, v, andw rep-
resent the streamwise, spanwise, and vertical velocity com-
ponents, respectively. The fluctuating components are collec-
tively denoted as u′(x, t)= ũ(x, t)+u′′(x, t). A schematic of
the PhyWakeNet model is provided in Fig. 1.

2.1 Time-averaged wake model

2.1.1 Governing equations

The time-averaged wake flow model is formulated based on
mass and momentum conservation, predicting both veloc-
ity deficit and wake width evolution along the wind turbine
downstream direction. This model incorporates enhanced
mass and momentum fluxes resulting from wake meandering
and small-scale velocity fluctuations through an entrainment
model. Specifically, the following mass and momentum con-

servation equations are employed:
d(Awuw)

dx
= VeSw

d
(
Awu

2
w
)

dx
= VeSwua,

(2)

where Aw is the wake cross-sectional area normal to the cen-
treline, uw is the mean streamwise wake velocity, Sw repre-
sents the wake–ambient flow interface area per unit down-
wind distance, Ve is the entrainment velocity, ua is the am-
bient mean streamwise velocity. The entrainment velocity Ve
is computed through the entrainment coefficient E,

Ve = E(ua− uw), (3)

where E quantifies the rate at which ambient fluid is en-
trained into the wake. The entrainment approach represents
a well-established method for modelling the development
of highly turbulent regions into relatively quiescent ambient
flows (Morton et al., 1956). For wind turbine wake modelling
specifically, it has been employed in the work by Luzzatto-
Fegiz (Luzzatto-Fegiz, 2018).

The wake’s cross-sectional shape is modelled as an ellipse
with major axis Dw1 and minor axis Dw2 to capture the di-
rectional effects of aerodynamic force oscillations on wake
meandering preferences.

Consistent with this elliptical assumption, we postulate
that the wake growth rates along both principal directions
scale with the ratio of their respective entrainment coeffi-
cients, while the entrainment coefficient itself follows an el-
liptical distribution. These considerations yield the following
final governing equations:

d
(π

4
Dw1Dw2uw

)
dx

=

2π∫
0
E(θ )(Ua−Uw)cos(α− θ )r dθ,

d
(π

4
Dw1Dw2u

2
w

)
dx

=

2π∫
0
E(θ )(Ua−Uw)Ua cos(α− θ )r dθ,

dDw1

dx

/
dDw2

dx
= E1/E2.

(4)

Here, E1 and E2 denote the entrainment constants along the
major and minor axes, respectively, with the angular depen-

dence E(θ )=
√
E2

1cos2θ +E2
2sin2θ . The angles α and θ are

illustrated in Fig. 2, α is the angle between the normal to the
ellipse at the set point and the major axis, and θ is the angle
between the line connecting the set point and the centre of
the ellipse and the major axis.

To solve the governing equations, initial conditions for
both the streamwise velocity and wake diameter at the near-
wake position are required. In this work, these are determined
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Figure 1. Schematic of the proposed PhyWakeNet model including three submodels for the time-averaged, meandering, and small-scale
turbulence of wind turbine wakes. The inputs include the atmospheric flow conditions and the turbine operational conditions. The output
is the spatiotemporal variation of velocity field. The time-averaged wake flow is modelled based on the mass and momentum conservation.
The wake meandering and small-scale turbulence are modelled using CGAN and CNN. The impacts of wake meandering and small-scale
turbulence on time-averaged wake are modelled based on the momentum entrainment model. The outputs from the time-averaged wake
model and the wake meandering model are employed for the construction of small-scale turbulence.

Figure 2. Schematic of the time-averaged wake flow model. The left panel shows the wake profile in the hub-height x–y plane, while the
right panel displays the wake cross-section in the y–z plane. Arrows indicate ambient flow entrainment. The wake cross-section is modelled
as an ellipse (right panel), with aerodynamic force oscillations assumed to act in the y direction.

using one-dimensional momentum theory,{
uw = (1− 2a)uin
Dw1 =Dw2 =D,

(5)

at the 1D downstream position. Here, uin represents the in-
coming wind speed (which may differ from the ambient wind
speed ua for turbines operating in an array), and a denotes
the axial induction factor. The induction factor relates to the
thrust coefficient CT through the expression a = 1−

√
1−CT
2 .

It should be noted that the governing equations presented
above only provide the mean velocity deficit. To characterize
the spatial distribution, we assume that the isocontours of uw
follow an elliptical pattern, with the velocity deficit profile

described by a cosine function along the major and minor
axes:

{
u(y)= uc cos(πy/Dc)
u(z)= uc cos(πz/Dcz) .

(6)

The parameters uc and Dc are determined by enforcing con-
servation of mass and momentum fluxes before and after the
transformation:

{
Aw(1− uw)=

∫
uc cos(πy/Dc) dAcy

Aw(1− uw)2
=
∫

(uc cos(πy/Dc))2 dAcy .
(7)
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Substituting the specific parameters yields the concrete form
of these equations:

π

4
(1− uw)Dw1Dw2

=

Dc/2∫
0
πuc cos(πy/Dc) (1+Dw2/Dw1)y dy

π

4
(1− uw)2Dw1Dw2

=

Dc/2∫
0
π (uc cos(πy/Dc))2(1+Dw2/Dw1)y dy.

(8)

Solving these equations leads to analytical expressions for uc
and Dc:
uc =

8(1− uw)
π + 2

Dc =

√
π2(π + 2)
32(π − 2)

Dw1.

(9)

A note is that the wake width in this new distribution dif-
fers from that under a uniform distribution. With uin and
a specified, the governing equations for the time-averaged
wake statistics (uw, Dw1, Dw2) form a closed system when
combined with the entrainment coefficient model.

2.1.2 Wake entrainment model

The detailed theoretical derivation of the estimation method
for parameter E is given in this section. Ambient turbulence
and wake shear layer constitute the primary drivers of mass
and momentum entrainment across the wake boundary. This
physical understanding leads to the following formulation for
the total entrainment coefficient:

E = Ea+Es = Ea+
〈veAη〉

〈ve,oAη,o〉
Es,o, (10)

where Ea and Es represent contributions from ambient tur-
bulence and wake shear-layer effects, respectively. The an-
gle brackets 〈·〉 indicate time-averaged quantities. Subscript
o denotes reference values corresponding to conditions with-
out active wake control, obtainable through either numerical
simulations or experimental measurements. The ambient tur-
bulence component Ea is treated as a known input parame-
ter. The model accounts for enhanced entrainment through
proportionality to both the entrainment velocity ve and the
wake–ambient interface area Aη, the latter being directly
computed from the modelled flow fields ũ and u′′.

The entrainment velocity ve remains the only quantity re-
quiring modelling in this formulation. To approximate ve, we
first establish the wake boundary as the iso-surface of stream-
wise velocity deficit 1u. The material derivative of 1u at an
arbitrary point in the flow field is given by

D1u

Dt
=
∂1u

∂t
+u · ∇1u. (11)

At the wake boundary, where the material derivative van-
ishes, this relationship simplifies to

0=
∂1u

∂t
+uη · ∇1u, (12)

where uη represents the velocity of the wake boundary. The
entrainment velocity is subsequently defined as the relative
velocity component normal to this boundary:

ve =
(
u−uη

)
· en, (13)

with en denoting the unit normal vector to the wake bound-
ary. By subtracting Eq. (12) from Eq. (11), we derive the fol-
lowing expression for Ve:

ve =−

[
1

|∇1u|

D1u

Dt

]
η

. (14)

While this formulation theoretically enables direct computa-
tion of ve, practical implementation presents challenges due
to both computational complexity and the frequent unavail-
ability of instantaneous velocity deficit field snapshots.

In what follows, we demonstrate that the entrainment ve-
locity can be approximated using the time derivative of the
wake centre position in the transverse direction. The entrain-
ment velocity is first expressed as

ve =−

[
1

|∇(1u)|
D(1u)
Dt

]
η

(15)

=−

 1√(
∂(1u)
∂x

)2
+

(
∂(1u)
∂y

)2

·

(
∂(1u)
∂t
+ u

∂(1u)
∂x
+ v

∂(1u)
∂y

)]
η

. (16)

For slender wakes, where both the transverse velocity
component v and the streamwise gradient ∂1u/∂x remain
small, this expression simplifies to

ve ≈−

[(
∂(1u)
∂y

)−1
∂(1u)
∂t

]
η

. (17)

The transverse wake centre position is defined as

yc(x, t)=

∫ ηu(t)
ηl(t)

1u(x,y, t)y dy∫ ηu(t)
ηl(t)

1u(x,y, t) dy
, (18)

where ηl(t) and ηu(t) denote the transverse y coordinates
of the lower and upper wake boundaries, respectively. In-
troducing the cumulative velocity deficit function F (y, t)=∫ η
−∞

1u(x,y, t) dy, this expression transforms to

yc(x, t)=
F (y, t)y|ηu(t)

ηl(t)
−
∫ ηu(t)
ηl(t)

F (y, t) dy

F (y, t)|ηu(t)
ηl(t)

. (19)
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Recognizing that F (ηl, t)= 0 by definition, we obtain the
simplified form

yc(x, t)= ηu(t)−

∫ ηu(t)
ηl(t)

F (y, t) dy

F (ηu(t), t)
. (20)

The temporal evolution of the wake centre position follows
from differentiation

dyc(x, t)
dt

=
dηu(t)

dt
−

d
dt

∫ ηu(t)
ηl(t)

F (y, t)dy

F (ηu(t), t)

 . (21)

Under the assumption that velocity deficit integrals remain
approximately stationary, this simplifies to

dyc(x, t)
dt

≈
dηu(t)

dt
. (22)

At the upper wake boundary, where 1u(ηu(t), t)= C re-
mains constant, differentiation yields

0=
∂(1u)
∂ηu

dηu
dt
+
∂(1u)
∂t

. (23)

Combining Eqs. (17), (22), and (23), and assuming
∂(1u)/∂ηu ≈ ∂(1u)/∂y, we derive the entrainment velocity
approximation

ve ≈
dyc

dt
. (24)

This leads to the final expression for the entrainment coeffi-
cient

E = Ea +
〈(dyc/dt)Aη〉
〈(dyc/dt)oAη,o〉

Es,o

≈ Ea +
(dyc/dt)max〈Aη〉

[(dyc/dt)f ]max〈Aη,o〉
Es,o. (25)

In the second formulation, the instantaneous dyc/dt is re-
placed by its temporal maximum to avoid computing the
product with Aη. The reference quantities (dyc/dt)o, Aη,o,
and Es,o are derived from LES data: the first two are
computed directly from simulations, while Es,o is obtained
through least-squares fitting of the velocity deficit to Eq. (2).
Notably, E varies spatially in oscillating turbine wakes due
to the downstream evolution of Aη.

To ensure physical consistency and numerical robustness,
we have revised Eq. (25) by introducing a characteristic ref-
erence scale 8ref = α(U∞D2):

E = Ea +
〈(dyc/dt)Aη〉
〈(dyc/dt)oAη,o〉

Es,o

≈ Ea +
(dyc/dt)max〈Aη〉+8ref

[(dyc/dt)f ]max〈Aη,o〉+8ref
Es,o. (26)

The parameter α is set to 10−3 to represent the intrinsic phys-
ical floor of the baseline flow. This ensures numerical sta-
bility in the near wake while remaining sufficiently small to
preserve the model’s sensitivity to the relative entrainment
enhancement triggered by aerodynamic oscillations.

2.2 Wake meandering model

The coherent flow structures in the wake, represented by the
leading spectral proper orthogonal decomposition (SPOD)
modes, are modelled using a CGAN model, with their tem-
poral evolution captured by a data-driven dynamical system.
Specifically, the coherent velocity ũ is expressed as

ũ(Caf,Cop,x, t)≈
N∑
i=1

ai(Caf,Cop, t)8i
(
Caf,Cop,x

)
, (27)

where8i represents the SPOD modes and ai denotes the cor-
responding temporal coefficients, with N being the number
of leading SPOD modes employed for coherent flow con-
struction. Both 8i and ai depend on Caf, the atmospheric
flow condition, and Cop, the wind turbine operational condi-
tion. A schematic of the coherent wake flow model is shown
in Fig. 3.

2.2.1 Model for spatial modes

This section presents the modelling approach for the SPOD
modes 8i . The conditional generative adversarial network
(CGAN) generates the ith SPOD mode for specified condi-
tions Caf and Cop according to the following expression:

8i
(
Caf,Cop,x

)
=8NN

(
Caf,Cop,8

1
i

(
C1

af,C
1
op,x

)
,

82
i

(
C2

af,C
2
op,x

)
, . . .

)
, (28)

where 8NN denotes the neural network model trained on
multiple realizations of the ith SPOD mode, 8ji (j =
1,2, . . .), under different conditionsCjaf andCjop . The model
uses Caf and Cop as input features. This formulation implic-
itly assumes that the ith mode depends exclusively on cor-
responding modes from various conditions, without explicit
consideration of interactions with other modes.

The CGAN model for generating spatial modes comprises
two components (Fig. 4): a generator and a discrimina-
tor. The generator accepts the operating conditions Caf and
Cop as inputs and produces predicted spatial modes 8NN.
The discriminator evaluates input pairs consisting of oper-
ating conditions (Caf, Cop) and corresponding spatial modes
(8NN), outputting a binary classification (real or fake). Dur-
ing training, the discriminator’s weights remain fixed while
only the generator’s weights undergo updates. After training
completion, the generator functions as a surrogate model for
predicting spatial modes under arbitrary atmospheric and op-
erational conditions.

2.2.2 Temporal evolution model

This section describes the model for the temporal coefficients
ai of the SPOD modes. The temporal evolution of coherent
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Figure 3. Conceptual diagram of the coherent wake flow model. The upper portion illustrates the generation of spatial modes, while the
lower portion shows the model for temporal evolutions.

Figure 4. Schematic of the CGAN model for generating spatial
modes.

flow structures is modelled through a dynamic system repre-
sentation for ai(Caf,Cop, t), expressed as

dai
dt
= fi, (29)

where fi represents the forcing term modelled using a deep
neural network (DNN). The forcing term construction in-
volves two sequential steps: first generating sample temporal
coefficients for each SPOD mode under specified conditions
Caf and Cop, followed by constructing the forcing term us-
ing these generated coefficients. The sample temporal coef-
ficients derive from corresponding frequency spectra models
for each SPOD mode, which are themselves modelled using
neural networks trained on frequency spectra datasets across

various operational conditions:

Sai
(
Caf,Cop,ω

)
= DNNS

(
Caf,Cop,S

1
ai

(
C1

af,C
1
op,ω

)
S2
ai

(
C2

af,C
2
op,ω

)
, . . .

)
, (30)

where ω denotes frequency, Sai represents the frequency
spectrum for the ith SPOD mode under conditions Caf and
Cop, and DNNS constitutes the neural network model ap-
proximating the frequency spectrum. This model employs
datasets of frequency spectra (S1

ai
,S2
ai
, . . .) from various con-

ditions while maintaining the same fundamental assump-
tion as the SPOD mode model – that the frequency spec-
trum for specific conditions can be approximated using corre-
sponding spectra from different conditions at the same modal
order. The inverse Fourier transform of these learned fre-
quency spectra yields the sample temporal coefficients for
each SPOD mode.

Using the obtained sample temporal coefficients for lead-
ing SPOD modes, the forcing term is approximated through
a deep neural network:

fi = DNNf (a1,a2, . . .,aN ) . (31)

Crucially, the deep neural network DNNf approximates the
forcing terms of the SPOD dynamic system. It is noticed in
the above equation that, for the forcing fi of the ith SPOD
mode, all the SPOD modes’ temporal coefficients (aj ,j =
1, . . .,N ) are employed as the input, rather than relying solely
on the ith mode’s information (ai). This approach compen-
sates for potential information loss at higher frequencies dur-
ing neural network approximation of the frequency spec-
trum through DNNS . The resulting dynamic equation can be
numerically integrated for arbitrary initial conditions, with
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this work employing the Runge–Kutta method described in
(Kennedy et al., 2000) for time integration.

2.3 Model for small-scale turbulence

To accurately approximate the entrainment constant for the
time-averaged wake flow model, both coherent and inco-
herent turbulent fluctuations must be modelled. This sec-
tion presents the incoherent wake flow model for gener-
ating incoherent turbulent fluctuations based on the time-
averaged flows, coherent flows, and inflow conditions. The
most straightforward approach is to incorporate higher-order
modes directly during modal reconstruction. However, the
complex spatial distribution and temporal variation of these
higher-order modes make them difficult to predict, thereby
compromising model predictability. To overcome this limi-
tation, an alternative method has been developed based on
physical insights and high-fidelity data.

A key physical insight suggests that within wind turbine
wakes, small-scale structures tend to concentrate around the
periphery of larger-scale wake structures. A schematic of the
proposed incoherent wake flow model is shown in Fig. 5. By
employing convolutional neural networks (CNNs) to predict
these small-scale structures, we can simultaneously identify
wake boundaries and augment small-scale structures. While
a single snapshot of coherent structures can enrich small-
scale representation, such predictions lack temporal evolu-
tion information, disrupting the connection between instan-
taneous small-scale states. To solve this issue, flow snapshots
across time are employed to construct the model, resulting in
the following model for incoherent velocity fluctuations:

u′′(x, t)= CNNu′′ (u(x)+ ũ(x, t),uaf(x, t seq)), (32)

where uaf(x, tseq) represents the velocity field of the ambient
flow from the upstream measurement. The coordinate t seq
denotes the snapshot sequence within the [−3D,0D] range
rotor upstream. The predicted small-scale structures can be
directly superimposed onto the large-scale flow field from
the time-averaged wake flow model and coherent wake flow
model at corresponding instants, yielding the complete in-
stantaneous flow field.

Incorporating entire snapshot sequences (i.e. the
uaf(x, t seq) input for the CNNu′′ model) during model
training would significantly reduce efficiency and increase
complexity. To address this, temporal downsampling is first
applied to the snapshot sequences, substantially reducing
memory requirements. The Taylor frozen hypothesis is
then employed to reconstruct snapshots between sampling
intervals, restoring temporal resolution while avoiding
large-scale computational tasks.

Here we list all request input parameters for the three sub-
models in Table 1.

2.4 Simulated cases

In this study, we employ the NREL offshore 5 MW reference
wind turbine model as our baseline configuration, which was
developed by Jonkman, Butterfield, and Musial (Jonkman
et al., 2009). This turbine features a rotor diameter of 126 m
and a cuboidal nacelle measuring 2.3 m by 2.3 m by 14.2 m.

Two distinct case configurations are investigated: one with
inflow turbulence and one without. The tip-speed ratio λ is
set at 7, while the Reynolds number based on inflow ve-
locity and rotor diameter reaches approximately 9.6× 107.
The computational domain forms a cuboid measuring 14D×
7D× 7D in the streamwise (x), horizontal (y), and verti-
cal (z) directions, respectively. The rotor is positioned 3.5D
downstream from the inlet, at the domain’s central cross-
section. A uniformly distributed inflow velocity is imposed
at the inlet boundary (x =−3.5D), while the outlet boundary
(x = 10.5D) employs a Neumann condition

(
∂ui
∂x
= 0

)
. For

turbulent inflow cases, velocity fluctuations generated using
the synthetic turbulence technique (Mann, 1998) are super-
imposed onto the uniform inflow profile. Lateral boundaries
implement free-slip conditions throughout the simulations.

The domain is discretized using a Cartesian grid with
uniform spacing of 1x =D/20 in the streamwise direction
and 1y =1z=D/20 within the near-wake region (y,z ∈
[−1.5D,1.5D]). Grid spacing expands gradually outside this
region. Comprising 281 by 141 by 141 nodes, this grid con-
figuration has demonstrated capability for accurate predic-
tions of velocity deficits and turbulence intensities in the
turbine wake, as validated in our previous work (Li et al.,
2022c). Table 2 lists all simulated cases. The specific nu-
merical methods for generating the datasets are described
in Appendix A. Except for StF = 0.12,0.25,0.84, all other
cases are employed for model training. The inflow turbu-
lence was synthetically generated using the Mann turbulence
generation method (Mann, 1998). The parameter L∞ (inte-
gral length scale) represents the characteristic size of energy-
containing eddies in turbulence, reflecting the average di-
mension of the most energetic scales in the turbulent flow,
physically representing the characteristic distance travelled
by an eddy before dissipation. The I∞(turbulence intensity)
is defined as the ratio of the root mean square of turbulent
velocity fluctuations to the mean flow velocity, quantifying
the relative magnitude of turbulent fluctuations with respect
to the mean flow.

2.5 Training of the CGAN model for generating spatial
coherent modes

The training process involves two competing components:
the discriminator learns to distinguish between authentic
pairs of spatial modes with their corresponding operating
conditions, while the generator attempts to produce realistic
spatial modes that create data pairs indistinguishable from
genuine ones. The discriminator achieves this by minimizing
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Figure 5. Schematic of the incoherent wake flow model.

Table 1. Input parameters and output results for the three submodels in the PhyWakeNet model.

Submodel Input parameters Output results

Time-averaged wake model (u) Atmospheric flow conditions (Caf) Time-averaged velocity field (u(x))
Turbine operating conditions (Cop) Time-averaged wake statistics
Wake meandering model results (ũ) (uw,Dw1,Dw2)
Small-scale wake turbulence model
Results (u′′)

Wake meandering model (ũ) Atmospheric flow conditions (Caf) Wake meandering component (ũ(x, t))
Turbine operating conditions (Cop) SPOD spatial modes (8i )

Temporal coefficients (ai )

Small-scale wake turbulence Inflow conditions (uaf) Small-scale velocity fluctuations
model (u′′) Time-averaged flow field (u) (u′′(x, t))

Wake meandering flow field (ũ)

its classification error. The objective function is expressed as

min
G

max
D
V (D,G)= E8n∼pdata(8n)[logD(8in|Cn)]

+E[log(1−D(G(8̂in|Cn))]. (33)

In this formulation, 8in represents an authentic sample
drawn from the real data distribution pdata(8in), Cn corre-
sponds to the conditional vector, andD(8in|Cn) indicates the
discriminator’s estimated probability that 8in constitutes a
genuine sample under conditionCn. Since the distributions in
the loss Eq. (33) remain unknown, we employ empirical loss
equations following (Mirza and Osindero, 2014). The hyper-
parameters for both generator and discriminator are detailed
in Table 3.

Training data comprise flow snapshots from LES that cap-
ture spatial modes across various operational conditions. The
conditional vector Cn originates from ambient flow and tur-
bine operation parameters. Data preprocessing involves nor-
malization and spatial mode alignment to maintain consis-
tent input dimensions. The generated spatial modes form 3D

tensors (191 by 121 by 5) representing five dominant spatial
coordinates and flow variables.

2.6 Training of the DNN model for predicting the
temporal evolution of coherent wake flows

The training details of the frequency spectrum model are
given as follows. The values of the hyperparameters are de-
termined through validation errors using a systematic grid
search approach. The employed hyperparameter values are
presented in Table 4.

The specific training details of the forcing term for the dy-
namic system are provided below. We generated 2000 snap-
shots from tU∞/D = 0 to 10.8 through LES. For different
cases, we selected varying numbers of snapshots to main-
tain consistent periodicity across all datasets. Our training
data spans the interval from tU∞/D = 0 to 3.6, while data
beyond tU∞/D = 3.6 serve as the test set, ensuring rigor-
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Table 2. Parameters for simulated cases.

Cases Parameters

I Inflow turbulence: N/A
Force oscillation:
CT = 0.706

StF ∈


0.1,0.12,0.15,0.2,0.23,0.25,0.26,0.3,
0.4,0.5,0.6,0.7,0.8,0.83,0.84,0.86,
0.9,1.0

,

F̂y

F x
∈


0.006,0.008,0.009,0.013,0.014,0.016,
0.019,0.025,0.031,0.038,0.044,0.050,
0.052,0.053,0.054,0.057,0.063


II Inflow turbulence:

I∞ ∈ {0.2,0.4,0.6,0.8}%,
L∞ ∈ {1.0,1.5,4.0}D

Force oscillation: CT = 0.706, StF = 0.25, F̂y
F x
= 0.016

Table 3. Training details for the CGAN model.

Model Value/description

Generator Input: noise vector (z) and conditional feature (c)
Layers:

– Linear (z+ sin(2πc)+ cos(2πc)→ 1000)
– BatchNorm1d (1000)
– ReLU activation
– Linear (1000→ 1000)
– ReLU activation
– Linear (2000→ 191× 5× 121)

Output: generated image (191× 5× 121)

Discriminator Input: image (191× 5× 121) and conditional feature (c)
Layers:

– Linear (img+ sin(2πc)+ cos(2πc)→ 1000)
– ReLU activation
– Linear (1000→ 100)
– ReLU activation
– Linear (200→ 1)
– Sigmoid activation

Output: probability of image being real (0 or 1)

Loss function Binary cross-entropy loss (BCELoss)

Optimizer Adam

Learning rate (lr) 0.0001

Adam parameters β1 = 0.9, β2 = 0.999

ous evaluation of the model’s predictive capability on unseen
data.

The DNN’s performance critically depends on hyperpa-
rameter selection. We employed random search techniques
to identify optimal hyperparameter configurations. The com-
plete set of hyperparameters used is listed in Table 6, while
the optimal set obtained through random search appears in
Table 5. In both Tables 5 and 6, σ denotes the activation

function, α represents the learning rate, and λ is the regu-
larization parameter. The variable niter indicates the number
of iterations, while β1 and β2 correspond to the exponential
decay rates in the Adam optimization method.
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Table 4. Hyperparameters for the temporal prediction model.

DNN architecture σ α λ niter β1 β2

1-500-1000-100 Tanh 0.0001 0.001 10,000 0.9 0.999

Table 5. Model generation parameters for the case St= 0.25.

nmodels nlayersmin
nlayersmax

nhiddenmin nhiddenmax θmin θmax

200 4 12 40 240 8 12

2.7 Training of the CNN model for predicting incoherent
wake turbulence

We employ a three-dimensional convolutional neural net-
work (3D-CNN) as our foundational architecture, as 3D-
CNNs demonstrate exceptional capability in capturing com-
plex patterns across both spatial and temporal dimensions.
The model accepts a three-dimensional tensor input repre-
senting flow field data in space and time, and produces an
output tensor of identical dimensions that predicts small-
scale turbulence structures.

The training data originate from coarsely sampled turbu-
lent flow fields. To implement the Taylor hypothesis, we
define an advancing space line that progresses with time.
Behind this space line, small-scale structures are obtained
through interpolation of flow fields from subsequent time
points within the coarse sampling interval. Ahead of the ad-
vancing line, small-scale structures derive from joint interpo-
lation of flow fields from both preceding and subsequent time
points within the sampling interval. Specific training param-
eters are detailed in Table 7.

3 Results

3.1 Tests of submodels

This section evaluates various components of the proposed
model. Momentum entrainment across the wake boundary
serves as the key mechanism coupling the time-averaged
wake flow model with the fluctuating wake flow model.
Figure 6 presents the model-predicted wake–ambient inter-
face area Aη and the entrainment velocity ve, compared
against LES results. It is important to distinguish the differ-
ent roles of the entrainment velocity as defined in Eqs. (3)
and (13). Equation (13) provides the fundamental kinematic
definition of the instantaneous local entrainment, represent-
ing the relative velocity component normal to the fluctu-
ating wake boundary. This definition captures the detailed,
time-dependent mixing physics at the interface. In contrast,
Eq. (3) is an analytical parameterization designed for the
time-averaged conservation equations (Eq. 2). In this context,
the entrainment coefficientE serves as a critical closure term.
It bridges the gap between the detailed unresolved velocity

fluctuations and boundary motions (fundamentally described
by Eq. 17) and the macro-scale mean flow properties. By in-
corporating the coefficient E, the time-averaged model can
effectively account for the integrated effects of both coherent
wake meandering and small-scale turbulence on wake recov-
ery without needing to explicitly resolve the high-frequency
dynamics of the wake interface. Overall, good agreement
is observed, especially the different streamwise evolutions
under different force oscillating frequencies, although the
model predictions are slightly lower. This discrepancy is con-
sidered acceptable, as the small-scale curled structures along
the interface are challenging to capture accurately.

The wake–ambient interface area (Aη) and entrainment
velocity (ve) are compared against the LES results in Fig. 6.
Upper (ηu) and lower (ηl) wake boundaries are established
as the iso-surface of the streamwise velocity deficit (1u).
The area (Aη) is then integrated based on the identified wake
boundaries. The entrainment velocity (ve) is approximated
by Eq. (26), and the transverse wake centre yc is determined
by using the transverse coordinates of the upper (ηu) and
lower (ηl) boundaries, as described in Eq. (18).

This work is based on the fundamental assumption that
the coherent flow component is predictable. To verify this
assumption, we evaluate the model’s performance in pre-
dicting leading SPOD modes for three characteristic aero-
dynamic force oscillation frequencies (St= 0.12, 0.25, and
0.84) in Fig. 7. As seen, our model demonstrates excellent
performance across most cases, except for low-frequency
conditions where coherent structures are less distinct. The
model particularly excels at capturing the hub vortex for-
mation, which produces a characteristic meandering pattern
near the nacelle centreline in the highest frequency test case
(St= 0.84). For the intermediate frequency case (St= 0.25),
the simulation reveals a gradual downstream expansion of
the meandering pattern. Conversely, the low-frequency case
(St= 0.12) exhibits minimal spatial growth of the meander-
ing pattern, a behaviour that the model reproduces accurately.
Overall, the results confirm the model’s capability in pre-
dicting coherent wake dynamics under aerodynamic force
oscillations in terms of (1) global flow pattern morphology,
(2) downstream evolution characteristics, and (3) systematic
variation with oscillation frequency.
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Table 6. Optimal hyperparameters for the case St= 0.25.

DNN architecture σ α λ niter β1 β2

5-56-225-46-5 ELU 0.001 3.0128× 10−11 10,000 0.9 0.999

Table 7. Training details for the 3D-CNN model.

Parameter Value/description

Model architecture 3D convolutional neural network (3D-CNN)
Input shape (20,191,121,1)
Additional input shape (20,65,121,1)
Output shape (20,191,121,1)
Activation functions LeakyReLU (α = 0.01), Tanh (output layer)
Optimizer Adam (α = 0.0001, β1 = 0.9, β2 = 0.999, ε = 1× 10−7)
Loss function Mean squared error (MSE)
Metrics Accuracy
Batch size 5
Epochs 50
Number of GPUs 5 (using MirroredStrategy)
Gradient check frequency Every five epochs

The capability of the proposed model in predicting the en-
ergy spectra of SPOD modes is examined in Fig. 8, com-
paring three configurations: (1) large-scale structures recon-
structed from the first two modal orders without the inco-
herent wake flow model, (2) large-scale structures combined
with reconstructed small-scale turbulence using the incoher-
ent wake flow model, and (3) reference LES results. The
spectrum exhibits distinct peaks at St= 0.25 and 0.84 in
Figures 8b and c, respectively, corresponding to the aero-
dynamic force oscillation frequency and dominant coherent
flow structures. All three cases show an inertial subrange fol-
lowing the −5/3 power law. While the dominant peak fre-
quency is well captured by the model without the incoher-
ent wake flow model, the energy densities at other frequen-
cies are significantly underpredicted and fail to exhibit the
−5/3 scaling. With the inclusion of the incoherent wake flow
model, the reconstructed flow field’s energy spectra show ex-
cellent agreement with reference LES data across all frequen-
cies in Fig. 8, extending even beyond the coarse sampling
frequency (indicated by the grey line) used as input for the
small-scale model. This demonstrates the model’s remark-
able generative capabilities. Furthermore, for the St= 0.12
case, the energy density at the corresponding frequency is
less pronounced compared to the other two cases. In contrast,
the St= 0.84 case reveals two harmonics of the fundamental
frequency. The proposed model successfully captures these
spectral variations with respect to aerodynamic force oscilla-
tion frequency.

At last, the performance of the wake flow model for small-
scale fluctuations is tested. Figure 9 shows the comparison
of the model-predicted small-scale velocity fluctuations with
the LES results. Although the amplitudes of velocity fluctu-

ations are somewhat underpredicted, two critical characteris-
tics are well captured. They include (1) the development of
small scales, which initiate around the ambient–wake inter-
face, grow in amplitude, and expand in the radial direction as
travelling downstream; and (2) the impacts of wake meander-
ing on small-scale fluctuations, which follow the meander-
ing pattern and are significantly amplified by the meandering
motion.

To further provide a more vivid and interpretable de-
scription of how the CNN processes flow features, a SHap-
ley Additive exPlanations (SHAP) analysis is incorporated
to explain the model’s internal decision-making. SHAP of-
fers a unified framework for quantifying the contribution of
each input variable to the predicted small-scale fluctuations,
thereby revealing which flow features the CNN relies on
most. In this work, the SHAP analysis is carried out at two
physically distinct locations: position A at the wake centre-
line and position B in the shear layer.

As shown in the SHAP contribution map (Fig. 10), the
model’s feature importance is significantly different at the
two positions. For position A, which is characterized by a low
intensity of small-scale turbulence, the model predominantly
attributes feature importance to a square-like region centred
around the target point. This large, block-shaped contribu-
tion suggests that small-scale fluctuations are not governed
by local features but by the overall state of the wake interior.
Since velocity gradients are weak near the centreline, small-
scale turbulence is mainly supplied through inward trans-
port and the redistribution of fluctuations generated in the
shear layers. Conversely, at position B, a region of intense
small-scale structural activity and strong velocity gradients,
the dominant contributions come from a narrow, elongated
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Figure 6. Comparison of the wake–ambient interface area Aη and entrainment velocity Ve correspond to three different aerodynamic force
disturbance characteristic frequencies of StF = 0.12, StF = 0.25, and StF = 0.84.

Figure 7. Comparison of the first SPOD mode for the test cases with StF = 0.12 (a, d), StF = 0.25 (b, e), and StF = 0.84 (c, f), with (a–c)
and (d–f) showing the results predicted by large-eddy simulation and the proposed model, respectively.

strip aligned primarily in the streamwise direction along the
wake boundary. These elongated strip patterns correspond to
the footprints of shear-layer roll-up and subsequent distor-
tion by wake meandering, which act as the primary source of
small-scale turbulence generation in this region.

A shared characteristic across both analyses is the primary
contribution regions of the inflow turbulence (uaf) fields,
which are relatively localized. Notably, the inflow snapshots
involved in the prediction are direct samples from previous
time steps, mapped to the inflow boundary using Taylor’s
frozen turbulence hypothesis. Besides, the primary contribu-
tion regions are straight aligned, with the streamline passing
through the target location. This indicates that the influence
of inflow turbulence on the target location is governed pri-
marily by streamwise convective transport, consistent with
Taylor’s frozen turbulence assumption.

3.2 Time-averaged wake flow statistics

The section examines the time-averaged flow statistics pre-
dicted by the model. The quantitative evaluation of the pro-
posed model’s prediction of time-averaged wake statistics is
presented in Fig. 11. We first examine the time-averaged ve-
locity deficits 1u. Although discrepancies exist in the shape
of the velocity deficit in the near-wake region, the proposed
model demonstrates strong predictive capabilities in the far-
wake region, with predicted curves closely matching the ref-
erence profiles. The model accurately predicts differences
in wake development for various aerodynamic force oscil-
lations. Specifically, it captures the faster wind speed recov-
ery observed for the two higher force oscillation frequencies
(St= 0.25 and 0.84). The overall agreement with reference
profiles confirms the model’s effectiveness in capturing the
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Figure 8. A comparison of the energy spectra of the leading SPOD mode corresponds to the three different aerodynamic force disturbance
characteristic frequencies of StF = 0.12 (a), StF = 0.25 (b), and StF = 0.84 (c). In the figure, the dashed black line represents the k−5/3 law,
while the solid grey line indicates the corresponding dimensionless frequency after temporal downsampling in the time domain. The dashed
red lines and dash-dot blue lines represent the results with and without the inclusion of the incoherent wake flow model.

Figure 9. Small-scale velocity fluctuations obtained from LES (a–e) and the proposed model (f–j) at the same instants. The contour is
coloured by instantaneous streamwise velocity. The three rows from top to bottom correspond to three aerodynamic force oscillation fre-
quencies St= 0.12, St= 0.25, and St= 0.84, respectively.

downwind wind speed recovery. This success stems from
properly accounting for enhanced entrainment due to both
coherent flow patterns and small-scale velocity fluctuations.

We first compare the model predictions of the mean
streamwise velocity averaged over the wake’s cross-section,
and the minor and major axis diameters of the wake’s cross-
section with the LES results. As seen in Fig. 12, the pro-
posed model accurately captures the impacts of aerodynamic
force oscillation frequencies on mean streamwise velocity
and wake diameters. The wake recovers faster at the frequen-
cies StF = 0.25, 0.84 compared with StF = 0.12. The stream-
wise velocity in the wake with StF = 0.84 is higher than the
other two at 2D 3D turbine downstream locations. The wake
flow with StF = 0.25, on the other hand, starts its faster re-
covery at around 5D turbine downstream because of the on-
set of wake meandering.

We then examine the variance of the streamwise velocity
fluctuations (〈u′u′〉) predicted by the proposed model. Over-
all good agreement with the reference data is observed, par-
ticularly for the case with St= 0.25 where significant wake
meandering occurs. The model demonstrates particular ac-
curacy in predicting (1) the locations of high-intensity 〈u′u′〉
variance of streamwise velocity fluctuations, which primar-
ily occur near the blade tips; and (2) the overall magnitude of
〈u′u′〉 fluctuations. For cases with St= 0.12 and 0.84, where
the wake lacks dominant coherent flow structures, the agree-
ment with reference 〈u′u′〉 data remains acceptable, although
with larger discrepancies compared to the St= 0.25 case.
Overall, the model demonstrates strong capabilities in pre-
dicting basic wake flow statistics, including both the mean
velocity deficit and streamwise velocity fluctuation variance.
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Figure 10. Local SHAP analysis for predictions at two distinct target locations. The figure provides the local SHAP explanations for the
model’s predictions of one test sample at two different target locations: (a) position A, located at the wake centreline; and (b) position
B, situated within the shear layer. For each subfigure, the top row displays the original main input map (u(x)+ ũ(x, t)) and its feature
contributions (SHAP values: red for positive, blue for negative) to the respective target point (marked X). The bottom row shows the uaf
(velocity field of the ambient flow from the upstream measurement) and its corresponding SHAP contributions. This dual visualization allows
for the identification and comparison of specific spatial and parametric features most responsible for the model’s output at the two explained
locations.

The following analysis focuses on evaluating the model’s
performance in predicting wake meandering statistics.

3.3 Instantaneous wake flows

This section demonstrates the capability of the model in
predicting instantaneous wake flows. We first compare the
model-predicted instantaneous streamwise velocity fields
against LES results in Fig. 13. The proposed model demon-
strates strong agreement in capturing the onset of wake
meandering, the large-scale meandering patterns across all
tested locations, and the distinct wake behaviour for dif-
ferent aerodynamic force oscillation frequencies. Quantita-
tively, the onset of wake meandering is identified by the lo-
cation where σyc (standard deviation of wake centre) exceeds
0.05D. The proposed model predicts this onset at x/D ≈ 5.8,
which agrees well with the LES result of x/D ≈ 5.4 at case
StF = 0.25, showing a deviation of only 7.5 %. The detail
of onset location prediction performance and relative error
can be viewed in Fig. 14. The model successfully repro-
duces small-scale flow structures that predominantly emerge
along the wake boundary and surround the large-scale coher-
ent structures. One limitation concerns the nacelle-induced
flow fluctuations – that the near-wake centreline features are
not captured. This is expected given the cosine-shaped ve-

locity deficit assumption, and the exclusion of nacelle effects
and initial wake development physics in the model.

The amplitude of wake meandering σy , defined as the stan-
dard deviation of instantaneous wake centre positions in the
spanwise direction, is presented in Fig. 15 for downstream lo-
cations x/D = 5 and 10. In this figure, the red lines represent
the predictions of the proposed model, while the grey lines
correspond to the LES reference data. The proposed model
accurately predicts the variation of σy with respect to aero-
dynamic force oscillation frequency (St) and atmospheric
turbulence conditions. At x/D = 5, σy exhibits a maximum
in the frequency range 0.4≤ St≤ 0.6, decreasing for both
higher and lower frequencies. While the model captures
this trend well, it shows slight overestimations of σy within
this frequency range. Further downstream, at x/D = 10, the
wake meandering amplitude σy displays a pronounced peak
near St= 0.3, with rapid decay at both higher and lower fre-
quencies – a characteristic that the model reproduces with
good fidelity. The quantitative agreement between the model
and LES results is evaluated using the normalized root mean
square error (NRMSE), defined as

NRMSE=
1

yground truth,i

√√√√ 1
N

N∑
i=1

(ymodel,i − yground truth,i )2. (34)
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Table 8. Quantitative comparison of the relative profile error (NRMSE, %) for streamwise velocity (u) and variance of streamwise velocity
fluctuations (〈u′u′〉) at different streamwise locations and oscillation frequencies.

Relative profile error (NRMSE, %)

Streamwise Streamwise velocity (u) Variance of streamwise velocity fluctuations (〈u′u′〉)

Location (x/D) Stf = 0.12 Stf = 0.25 Stf = 0.84 Stf = 0.12 Stf = 0.25 Stf = 0.84

4 0.23 0.16 0.28 7.4 8.4 5.5
6 0.15 0.13 0.25 5.3 2.9 5.6
8 0.16 0.17 0.14 3.9 3.1 4.9

Figure 11. Time-averaged streamwise velocity deficit (1u, (a–c))
and variance of streamwise velocity fluctuation (〈u′u′〉, d–f) profiles
at various wind turbine downwind positions for three aerodynamic
force oscillation frequencies (a, d) St= 0.12, (b, e) St= 0.25, and
(c, f) St= 0.84. Solid black lines: reference LES results; dashed
lines: model predictions for red1u and blue 〈u′u′〉. The normalized
velocity deficit and variance are multiplied by constants C1 = 1.25
and C2 = 50, respectively, for better visual comparison of the rela-
tive spatial distributions in a single plot.

Figure 12. Comparison of the mean streamwise wake velocity uw,
the major axis diameter Dw1, and the minor axis diameter corre-
spond to three different aerodynamic force disturbance characteris-
tic frequencies of StF = 0.12, StF = 0.25, and StF = 0.84.

Figure 13. Instantaneous flow fields obtained from LES (a–c) and
the proposed model (d–f) at the same instants. The contour is
coloured by instantaneous streamwise velocity. The three rows from
top to bottom correspond to three aerodynamic force oscillation fre-
quencies St= 0.12, St= 0.25, and St= 0.84, respectively.
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Figure 14. Comparison of the wake onset location predicted by PhyWakeNet and LES: (a) onset location x/D as a function of the forcing
frequency St; (b) relative error of the prediction for each case, where the dotted red line indicates the mean relative error across all strongly
meandering behaviour cases (including both training and testing sets).

Figure 15. Comparison of actual and model-predicted wake centre fluctuation amplitudes under varying aerodynamic force oscillation
frequencies (a, b) and varying turbulent inflows (c, d). The subplots (a, c) show the comparison at a streamwise position of x/D = 5, while
the subplots (b, d) show the comparison at a streamwise position of x/D = 10. The 13 frequencies in (a, b) are 0.1, 0.12, 0.2, 0.25, 0.3,
0.4, 0.5, 0.6, 0.7, 0.8, 0.84, 0.9, and 1.0. The 12 inflows in (c, d) are the results of three turbulent integral length scales and four turbulent
intensities. The crosses represent the unseen cases.
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For x/D = 5 and 10, the relative error in σy (PhyWakeNet
vs. LES) is < 15 % across all StF. The analysis of inflow tur-
bulence effects reveals that: (1) at x/D = 5, the wake mean-
dering amplitude is higher for higher inflow turbulence in-
tensity; (2) at x/D = 10, the sensitivity to inflow turbulence
conditions diminishes significantly.

In active wake control applications, precise prediction of
wake positions is essential. Figure 16 evaluates the model’s
performance in this regard by analysing temporal variations
of both spanwise wake centre positions (yc) and wake cen-
treline velocity deficits (1uc) at the 10D downstream lo-
cation. For the high-frequency forcing case (St= 0.84), the
model exhibits a noticeable degradation in predicting the
wake velocity deficit and profile shape, while the predic-
tion of the wake centre position yc remains reasonably ac-
curate. This behaviour should not be interpreted as a fail-
ure of the model but rather as a manifestation of the un-
derlying scale-dependent predictability of wake dynamics.
In the present framework, it is assumed that the dominant
large-scale quasi-coherent wake structures are predictable,
whereas the small-scale turbulent motions are inherently
stochastic and therefore not fully predictable. At low and in-
termediate forcing frequencies, the wake response is largely
governed by organized large-scale structures, for which the
model demonstrates strong predictive capability. In contrast,
at St= 0.84, the wake dynamics are increasingly dominated
by small-scale turbulent motions induced by rapid aerody-
namic fluctuations. The intensified turbulent mixing acceler-
ates the breakdown of coherent structures and enhances wake
recovery, resulting in a highly distorted velocity field. Since a
substantial portion of the wake deficit in this case originates
from small-scale contributions, the reduced prediction accu-
racy in velocity deficit is physically expected. Nevertheless,
the model retains its ability to capture the large-scale wake
deflection, as evidenced by the satisfactory prediction of yc.
The proposed model demonstrates strong predictive capa-
bility, accurately capturing both long-term trends and short-
term fluctuations in the wake behaviour. While the agree-
ment with reference data is generally good for both quan-
tities, the predictions for yc show better correspondence than
those for 1uc. This performance discrepancy arises partly
from the underlying assumptions of the modelling frame-
work: the time-averaged wake velocity deficit distribution is
imposed a priori (via a cosine-shaped profile assumption)
rather than dynamically simulated. By adopting this pre-
scribed cosine profile, the model oversimplifies the actual
time-averaged wake structure, which in turn compromises
the accuracy of 1uc predictions – since the centreline veloc-
ity deficit is more sensitive to deviations from the true time-
averaged wake shape compared to the wake centre position.
This sensitivity arises because the centreline velocity deficit
represents a local maximum of the wake profile, making it
highly dependent on the assumed functional form. In con-
trast, the wake centre position is primarily determined by the

Figure 16. Comparison of temporal variations of spanwise wake
centre positions (yc, a–c) and wake centreline velocity deficits
(1uc, d–f) at the 10D downstream location. From top to bottom are
three cases with motion frequencies of StF = 0.12, StF = 0.25, and
StF = 0.84, respectively. The solid lines and the dashed lines rep-
resent the results of large-eddy simulation and the proposed model,
respectively.

first moment of the velocity field and is thus less sensitive to
the detailed profile shape.

4 Conclusions

We proposed a physics-integrated GAN-CNN wake model
(PhyWakeNet) for predicting the dynamics of wind turbine
wakes under aerodynamic force oscillations. The PhyWak-
eNet model integrates three interconnected submodels: the
time-averaged wake model, the wake meandering model, and
the model for small-scale turbulence.

The time-averaged wake model is derived from the fun-
damental mass and momentum conservation principles, with
its entrainment parameter dynamically determined based on
the other two submodels. For wake meandering prediction,
the model employs a spatiotemporal decomposition approach
where the spatial modes are reconstructed through a combi-
nation of spectral proper orthogonal decomposition (SPOD)
and conditional generative adversarial network (CGAN).
Computational efficiency is maintained by retaining only
the first five SPOD modes. Temporal evolution is captured
through a dynamic system model enhanced by a deep neural
network (DNN)-derived forcing term. The small-scale turbu-
lence is generated by a convolutional neural network (CNN)
that processes three key inputs: time-averaged wake field,
wake meandering, and inflow turbulence. This comprehen-
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sive approach enables the model to capture a broad spectrum
of wake dynamics.

Validation studies across various aerodynamic force os-
cillations and inflow turbulence conditions demonstrate the
model’s capabilities in capturing both the time-averaged and
dynamic features of wind turbine wakes. The prediction er-
ror of PhyWakeNet for average velocity deficit is under 1 %,
while velocity fluctuation and meandering amplitude errors
are within 10 % and 15 %. In cases with significant mean-
dering behaviour, the error in predicting the meandering on-
set position is less than 12.5 %. These results confirm the
model’s reliability in capturing both the mean flow and dy-
namic wake motion. The results show that the PhyWakeNet
model accurately reproduces frequency-dependent variations
in wake characteristics, outperforming existing engineering
wake models in several aspects. Beyond predicting velocity
deficits – a standard capability of traditional models – it suc-
cessfully captures turbulence intensity distributions and the
fluctuating wake features, including instantaneous wake po-
sitions and velocity deficits.

One major limitation of the learned model is that it was
solely trained using the NREL 5 MW wind turbine with aero-
dynamic force oscillations in one particular direction, al-
though the proposed framework is applicable to cases with
different forms of force oscillations or their combinations,
and other turbine designs. For engineering applications with
known active wake mixing strategies (i.e. known force oscil-
lations), a case-by-case model can be developed. To develop
a generally applicable model using the proposed framework,
one straightforward way is to build a dataset covering a wide
range of forcing parameters. This, however, is computation-
ally prohibitive considering the large parameter spaces of
both atmospheric conditions and turbine operational condi-
tions to be considered. Incorporating physics in the model
learning is an alternative, promising solution either for a gen-
erally applicable model or a model for a specific form of
force oscillations.

Appendix A: Numerical methods

The training datasets are generated using the large-eddy sim-
ulation module of the Virtual Flow Simulator (VFS-Wind)
code (Yang et al., 2015; Yang and Sotiropoulos, 2018; San-
toni et al., 2023). The flow physics is governed by the filtered
incompressible Navier–Stokes equations:

∂uj

∂xj
= 0

∂ui

∂t
+
∂uiuj

∂xj
=−

1
ρ

∂p

∂xi
+

∂

∂xj

(
(ν+ νt )

∂ui

∂xj

)
+ fi, (A1)

where i,j = 1,2,3 denote spatial indices, u represents the
velocity field, p is the pressure, ν indicates the kinematic vis-
cosity, and νt stands for the eddy viscosity modelled through
the Smagorinsky model with dynamically determined coef-

ficients. The body force term fi (per unit mass) originates
from the actuator surface model, which captures both tur-
bine blades and nacelle effects. Unlike the commonly used
actuator line model, the actuator surface method explicitly
incorporates blade geometry features, particularly the chord
distribution along the spanwise direction, while also resolv-
ing nacelle geometry (Yang and Sotiropoulos, 2018). Force
and torque conservation during information transfer between
the actuator surface grid and background flow solver grid is
maintained through a smoothed discrete delta function ap-
proach (Yang et al., 2009) using just 3 to 5 grid cells.

Spatial discretization employs a second-order central dif-
ference scheme, coupled with temporal advancement via a
second-order fractional step method (Ge and Sotiropoulos,
2007). The momentum equation solution utilizes a matrix-
free Newton–Krylov approach (Knoll and Keyes, 2004),
while the pressure Poisson equation is solved through the
generalized minimal residual (GMRES) method accelerated
by algebraic multi-grid techniques.

Appendix B: Application to an in-line two-turbine
array

B1 Case setup

In this appendix, we illustrate the application of the proposed
model to predict wake flows in an in-line two-turbine array.
A schematic of the considered scenario is shown in Fig. B1.
As seen, in this scenario, the oscillating aerodynamic forces
are only applied on the upstream wind turbine with the down-
stream wind turbine operating in the conventional way. Such
configuration is set under the consideration that applying ac-
tive wake mixing control only at the upstream turbine is ef-
fective for a turbine array, which is inspired by the observa-
tion that the meandering of a downstream wind turbine essen-
tially follows that from the incoming wake. In the simulated
cases, the Strouhal number of the aerodynamic force oscilla-
tions of the upstream wind turbine is fixed at StF = 0.25, with

the forcing amplitude F̂y

F x
= 0.016. Three streamwise turbine

spacings are considered, i.e. 1S/D = 4,5, and 6. The data
from the case with 1S/D = 4 and 6 and the original one-
turbine cases’ data are employed for model training, while
the data from the one with 1S/D = 5 are for testing.

B2 Model setup

The adjustments of the proposed model for its application to
turbine arrays are listed as follows.

– For the time-averaged wake model, the initial stream-
wise velocity deficit and wake widths at 1D down-
stream of the T2 turbine are computed using the incom-
ing velocity and wake widths at 0.5D upstream of the
T2 turbine, which is given by the time-averaged wake
prediction of the upstream T1 wind turbine.
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Figure B1. Schematic of the in-line two-turbine array case. The
upstream turbine (T1) undergoes periodic swaying at StF = 0.25,
while the downstream turbine (T2) remains fixed at a distance of
1S = 4,5, or 6D. The background contours represent the instanta-
neous velocity field u, highlighting the turbulent wake interaction
between the two turbines.

– For the coherent wake component, the coherent motions
predicted in the upstream T1 turbine’s wake are directly
employed for the T2 turbine. With the energy extrac-
tion, the T2 turbine does add perturbations to the coher-
ent flow structures. Away from the near-wake region of
T2, the overall patterns, however, remain approximately
the same in the far-wake region. This is the reason why
the coherent motion in T1’s wake without T2 are directly
employed. With more turbines added at downstream lo-
cations, such simplifications will fail. Modelling the in-
teraction between the incoming coherent structures and
those generated in the wake is challenging itself, and
worth being carried out in another work.

– The small-scale model is retrained by adding the data
pairs, i.e. the inflow (i.e. turbulence intensity and inte-
gral length scale at 0.5D upstream of the T2 turbine)
and the predicted coherent motion as the input, and the
small-scale turbulence in the T2’s wake as the output
from the 4D and 6D cases, to the single-turbine cases’
data.

– Modelling wake superposition is particularly challeng-
ing for dynamic wake models, as one has to take care
of both the time-averaged and coherent components. A
fairly simplified approach is taken in the present work.
In this approach, the wake superposition is accounted
for using the inflow velocity deficit and wake width
from the T1’s wake to determine those of the T2’s wake.
The cases considered in this work are under full wake
conditions with T2 directly in the wake of T1. For par-
tial wake conditions, asymmetry can be introduced to
the initial wake width of T2.

B3 Results

The time-averaged wake statistics are presented in Fig. B2.
Good agreements with the LES results are obtained for the
time-averaged velocity deficit (1u) even at near-wake loca-
tions. For the variances of streamwise velocity fluctuations,
some discrepancies are observed. Figure B3 compares the

predicted contours instantaneous wake flows with the refer-
ence LES results. Figure B4 quantitatively evaluates the pre-
dictions of the temporal variations of spanwise wake cen-
tre positions (yc) at 5D and 10D T2 downstream. It is seen
that the proposed model captures the coherent wake mean-
dering well, reproduces the small-scale flow structures along
the wake boundary, and accurately predicts the large-scale
transverse motions of T2’s wake.

Figure B2. Time-averaged streamwise velocity deficit (1u) and
variance of streamwise velocity fluctuation (〈u′u′〉) profiles at vari-
ous wind turbine downwind positions for downstream turbine(T2).
Solid black lines: reference LES results; dashed lines: model predic-
tions for 1u and 〈u′u′〉. The normalized velocity deficit and vari-
ance are multiplied by constants C1 = 1.25 and C2 = 50, respec-
tively, for better visual comparison of the relative spatial distribu-
tions in a single plot.
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Figure B3. Instantaneous flow fields obtained from LES (a–c)
and the proposed model (d–f) at the same instants. The contour is
coloured by instantaneous streamwise velocity. The three rows from
top to bottom correspond to three different instants, respectively.

Figure B4. Comparison of temporal variations of spanwise wake
centre positions (yc, a–b)at the 5D and 10D downstream location.
The solid lines and the dashed lines represent the results of LES and
the proposed model, respectively.
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