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Abstract: Real-time and accurate dynamic wake information is essential for wind resource assessment and the optimization of 
wind farm operations. To further understand the wake characteristics of wind turbines, we propose a hierarchical learning 
approach integrated with a deep neural network-based prediction method. The integrated framework combines physical and 
mathematical models, enabling 3D spatiotemporal wind field predictions with minimal measured data requirements. Evaluation 
and validation results demonstrate that the proposed method achieves accurate ultra-short-term wake predictions across the entire 
domain with minimal prediction errors. Compared with conventional methods, the proposed hierarchical learning framework 
markedly lowers the training-data requirements of physics-informed neural networks for large-scale flow-field prediction while 
maintaining high accuracy. In addition, it demonstrates superior performance in both local and global wake forecasts, offering 
practical insights for efficient turbine operation and wake analysis.
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1 Introduction 

With the continuous global expansion of wind 
power capacity, the impact of wake effects on electric‐
ity production has become increasingly significant and 
must be addressed. Studies indicate that wake effects 
can result in a 10%–40% power loss in wind farms 
and significantly increase fatigue damage to down‐
stream wind turbines (Wang L et al., 2024). There‐
fore, effectively harnessing wind resources and wake 
effects has emerged as a critical research challenge in 
the field of wind energy. Approaches to address these 
issues include optimizing wind turbine layouts in 
large-scale wind farms and implementing active wake 
control strategies during operation. However, substan‐
tial difficulties exist in precisely assessing and model‐
ing wind farm wakes, stemming from temporal and 
spatial variations in wind velocity, nonlinear wake 

interactions between turbines, and turbulent atmo‐
spheric conditions.

In practical applications, significant research ef‐
forts have been devoted to developing methods for re‐
constructing and predicting wind turbine wake fields. 
The current methodologies for predicting wake fields 
can be systematically categorized into three distinct 
groups: analytical wake models, computational fluid 
dynamics (CFD)-based simulations, and machine 
learning-enhanced approaches. Analytical models such 
as the Jensen model (Jensen, 1983), Frandsen model 
(Frandsen et al., 2006), Bastankhah model (Bastankhah 
and Porté-Agel, 2014), and 3D wake models (He et al., 
2021) are widely used for rapid prediction, yet they 
have limited data accuracy. This phenomenon can be 
attributed to inflow conditions and local environmen‐
tal factors that influence wake fields. These factors 
are often not accounted for in analytical models, which 
are typically limited to modeling the wakes of indivi‑
dual wind turbines. In contrast, CFD models provide 
higher prediction accuracy and can simulate wake 
fields of wind turbines in complex terrains. However, 
in large-scale wind farms with intricate and intercon‐
nected turbine layouts, substantial computational re‐
sources, including CPU and memory, are required.
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In recent years, advancements in data science 
and artificial intelligence technologies have driven sig‐
nificant progress in the application of machine learn‐
ing methods for predicting wind turbine wake fields. 
Some models have incorporated turbulence effects 
(Purohit et al., 2022), power predictions of yawed 
wake effects (Sun HY et al., 2020), and even integrated 
high-fidelity data (Li et al., 2023). However, machine 
learning approaches are often data-driven, requiring 
large volumes of high-quality data for model training, 
and often suffer from limited interpretability. Hybrid 
methodologies integrate the complementary advantages 
of distinct approaches to enhance predictive accuracy 
while maintaining error tolerances consistent with their 
constituent methods. Techniques such as orthogonal 
decomposition reduce the dimensionality of high-
dimensional flow field data, and long short-term mem‐
ory (LSTM) networks predict dimensionality reduc‐
tion coefficients, enabling rapid reconstruction of wake 
fields in large wind farms within seconds (Zhou et al., 
2023).

Using numerical simulations of wind farms to 
drive deep neural networks (DNNs) for wake field 
prediction has emerged as a predominant research 
methodology. A wind-pumped storage-hydrogen energy 
combined operation system based on deep learning 
was proposed, providing valuable insights into wake 
effect modeling and prediction for wind farms (Wang 
et al., 2023). Large eddy simulation (LES) has been 
used to generate high-precision wake and output power 
data. When combined with a multi-task convolutional 
neural network (CNN) model to simultaneously pre‐
dict wake velocity, wake turbulence intensity, and out‐
put power, this approach captured the potential depen‐
dencies between these variables and improved predic‐
tion accuracy (Liu et al., 2025). A dual-adaptive multi-
fidelity neural network framework was proposed to 
solve the negative migration phenomenon of multi-
fidelity neural networks when combining CFD simu‐
lation data by introducing an adaptive multi-fidelity 
module and an adaptive fast weighting module. This 
significantly improves the accuracy of wake predic‐
tion and the efficiency of data utilization (Zhan et al., 
2024). Light detection and ranging (LiDAR) has been 
used to build a wake prediction framework together 
with a physics-informed neural network (PINN) and 
has significantly improved prediction accuracy and 
training efficiency through spatial and temporal im‐
provement strategies (Song et al., 2025). Similarly, by 

combining LiDAR and PINNs, real-time dynamic wake 
field reconstruction has been achieved for yaw control 
in wind farms (Wang LY et al., 2024). Additionally, a 
method of wind field reconstruction using CFD and 
proper orthogonal decomposition (POD) with optimal 
sensor placement was proposed by Sun SX et al. 
(2020).

However, this research did not consider that the 
implementation of DNN for wake prediction requires 
numerical methods to provide a substantial volume of 
data, which inherently increases algorithmic complex‐
ity. Consequently, the feasibility of such approaches 
in real-world wind farm applications remains to be 
thoroughly evaluated.

Hierarchical learning, widely applied in intelli‐
gent optimization and control, data mining, and deep 
learning, shows excellent performance in handling 
large-scale data and complex tasks (Sun et al., 2019). 
Real-time and precise wake prediction is crucial for the 
stable operation of wind farms. We propose a hierar‐
chical learning-based ensemble approach for predict‐
ing wakes of wind turbines in large-scale wind farms. 
By using a hierarchical learning approach to capture 
both global and local variations in wind farm wake 
fields, the proposed method effectively reduces the 
data requirement of a PINN for large-scale flow field 
prediction while maintaining high predictive accuracy, 
thereby achieving precise prediction of the entire wind 
farm. This method can be applied to wake prediction 
studies in large-scale wind farms, providing high spa‐
tiotemporal resolution for both local and global wind 
farm conditions. It is suitable for challenging environ‐
ments, such as large offshore wind farms and wind 
farms in complex terrains, and for applications includ‐
ing wind resource assessment and wake control.

2 Framework based on hierarchical learning 

Conventional deep learning architectures typically 
demand substantial training datasets, derived mainly 
from either computationally intensive high-fidelity simu‐
lations or comprehensive historical measurement cam‐
paigns to guarantee model accuracy and robustness. 
As the volume of data increases during actual train‐
ing, the time and cost of training also rise, making 
model tuning more challenging. In this study, we pro‐
pose a hierarchical learning approach based on PINNs, 
which reduces the volume of input training data while 
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enhancing the accuracy and computational speed of 
prediction of wake fields in wind farms.

2.1 Integrated neural network framework

To balance prediction accuracy and model re‐
sponsiveness, the proposed flow field reconstruction 
method is built on a DNN framework known as the 
PINN. This framework consists of two feedforward 
neural networks: a data neural network (Data-NN) for 
fitting the data and a partial differential equation neu‐
ral network (PDE-NN) incorporating the Navier–
Stokes (NS) equations (Fig. 1). Initially, a foundational 
DNN, Data-NN, is constructed using an offline data‐
base that includes historical measurement data and 
supplementary simulation data. Subsequently, the PDE-
NN is derived from the Data-NN. The Data-NN is 
trained to fit the sparse wake information inputs, while 
the PDE-NN is constructed by automatically differen‐
tiating the 3D NS equations using the output of the 
Data-NN.

A fully connected neural network architecture, 
designated as Data-NN (Fig. 2) and denoted as F, nor‐
malizes the data. Data-NN establishes a mapping be‐
tween non-dimensioned spatiotemporal coordinate set 
X=[t, x, y, z] (t denotes the temporal coordinate; x, y, 
and z denote the 3D Cartesian spatial coordinates) and 
non-dimensional state variable set Y=[u, v, w, p] (u, 
v, and w denote the velocity components along x-, y-, 
and z-axes respectively, and they are all scalars; p de‐
notes the pressure). The input to the network is the 
non-dimensional spatiotemporal coordinate set X=[t, 

x, y, z]. This set forms the minimal and fundamental 
input required by the PINN framework. The inclusion 
of time coordinate t allows the model to learn the tran‐
sient dynamics of the flow, while the 3D spatial coor‐
dinates [x, y, z] enable the reconstruction of the com‐
plete volumetric flow field. The output Y=[u, v, w, p] 
is thus a function of this continuous input space, Y=
F(X), allowing for prediction at any arbitrary location 
and time within the simulated domain. For ease of en‐
coding partial differential equations (PDEs) in subse‐
quent steps, the Data-NN outputs include pressure p; 
however, training and fitting of pressure p are not 
conducted within the Data-NN. Given a spatiotempo‐
ral coordinate set X= [t, x, y, z] at any time point, 
the trained Data-NN outputs a state variable set Y=
[u, v, w, p], which can be used to derive and encode 
subsequent calculations.

Based on the description above, the fully con‐
nected Data-NN can be represented by Eq. (1):

ì

í

î

ïïïï

ï
ïï
ï

H0 = [ ]t x y z  

H i = σ ( )H i - 1 ×W i +B i  

HL = [ ]u v w p 

(1)

where H0 is the input layer consisting of the non-
dimensional spatiotemporal coordinates; Hi (i=1, 2, …, 
L−1) is the output of the ith hidden layer; HL is the 
output of the output layer; L+1 is the total number 
of layers in the Data-NN; Wi is the weight matrix of 
the ith layer; Bi is the bias term of the ith layer. If h 
denotes the number of neurons in the hidden layer, 
then the shapes of the weight matrices W1, {Wi}, and 
WL are [4, h], [h, h], and [h, 4], respectively. The 
shapes of the bias terms Bi and BL are [1, h] and [h, 
4], respectively.

Fig. 1  Method for predicting the spatiotemporal wake flow 
using a combined model. L is the overall loss function; L1 
and L2 are the two terms of L

Fig. 2  Schematic diagram of the Data-NN. σ is the activation 
function
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For the activation functions, σi (i=1, 2, 3), σi (i=
4, 5), and σi (i>5), they are respectively hyperbolic 
tangent functions, rectified linear unit (ReLU) func‐
tions, and hyperbolic tangent functions. To effectively 
capture turbulent effects and variations in flow fields, 
models often require substantial input data during train‐
ing, which significantly increases computational time. 
Therefore, using the ReLU activation function in spe‐
cific hidden layers can reduce the model’s iteration 
time by about half. The total degrees of freedom 
(DOF) of the Data-NN, i.e., the total number of train‐
able variables NDOF, can be calculated using Eq. (2):

NDOF = 4h + ( L - 2) h2 + 4h + ( L - 1) h + 4. (2)

Therefore, Y=F(X; NDOF), and the Data-NN is 
trained by minimizing the squared difference between 
the predicted output Y and the target training data.

Here, the PDE-NN encompasses the 3D NS equa‐
tions describing fluid motion, derived through a com‐
bination of Data-NN and PDEs (Fig. 3), denoted as 
Fns. It shares the same trainable variables as the Data-
NN. The NS equations are effective in describing 
aerodynamics. The physics-informed deep learning 

framework is used to solve forward and inverse prob‐
lems involving nonlinear PDEs, leveraging the synergy 
between physics and data. This approach has achieved 
significant success across various domains (Zhang and 
Zhao, 2021; Sun et al., 2024). For wind field recon‐
struction, the 3D NS equations can be rewritten as 
shown in Section S1 of the electronic supplementary 
materials (ESM).

The residual term in the PDE-NN consists of the 
3D NS equations. The differential terms are obtained 
through automatic differentiation of the output from 
the Data-NN, with higher-order terms derived from 
lower-order terms through automatic differentiation. 
The PDE-NN is represented as Fns, thus its output is 
Yns=Fns(Xns; [W, 1/Re]), where the input Xns=[t, x, y, z] 
and W is the weight matrix. Therefore, the PDE-NN 
can be re-expressed as Eq. (3):

Yns =Fns( Xns ; 
é
ë
êêêêW 

1
Re

ù
û
úúúú ) . (3)

During the reconstruction process, the two sub-
frameworks share the same training variables. The 
training procedure for the PINN involves two steps:

1) Updating NDOF and 1/Re;
2) Minimizing the overall loss function of the 

PINN.
During training, the PDE-NN and Data-NN share 

the same database. The loss function of the composite 
model must incorporate the residual constraints of the 
3D NS equations to ensure physical consistency and 
accurately capture fluid dynamics phenomena. Simul‐
taneously, the loss function must account for fitting 
losses imposed by the training database to ensure ef‐
fective fitting and generalization on the given datasets.

To meet the residual constraints of the 3D NS 
equations and simultaneously fit the training data, the 
overall loss function L(NDOF, 1/Re) is decomposed into 
L1(NDOF) and L2(NDOF, 1/Re) terms, as shown in Eqs. (4) 
and (5):

L1 =
1
Nd

∑
i = 1

Nd

|| Fd( )t d
i  xd
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i  z d

i  NDOF - ud
i

2

 (4)
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∑
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Nns |
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|
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|
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|
Fns( )t ns
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i  z ns
i ; é
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úúúúNDOF 

1
Re

.  (5)

In Eq. (4), {[ t d
i  xd

i  yd
i  z d

i  ud
i ]  i = 1 2 ... Nd} 

denotes the training database consisting of spatiotem‐
poral coordinates and corresponding wind velocities, 

Fig. 3  Framework of PDE-NN. eu, ev, ew, and ediv are the 
residuals of the momentum equations (x, y, and z) and 
continuity equation, respectively; ut, ux, uy, and uz are the 
partial derivatives of u with respect to t, x, y, and z, 
respectively; vt, vx, vy, and vz are the partial derivatives of v 
with respect to t, x, y, and z, respectively; wt, wx, wy, and wz 
are the partial derivatives of w with respect to t, x, y, and 
z, respectively; px, py, and pz are the partial derivatives of p 
with respect to x, y, and z, respectively; uxx, uyy, and uzz are 
the second derivatives of u with respect to x, y, and z, 
respectively; vxx, vyy, and vzz are the second derivatives of v 
with respect to x, y, and z, respectively; wxx, wyy, and wzz are 
the second derivatives of w with respect to x, y, and z, 
respectively; Re is the Reynolds number
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where the superscript d denotes the training dataset 
for data fitting, and the subscript i denotes the indivi‑
dual data points within the dataset. Nd denotes the total 
number of training data points in the database, and 
Fd denotes the corresponding target output value. In 

Eq. (5), {[ t ns
i  xns

i  yns
i  z ns

i ]  i = 1 2 ... Nns} denotes a 

small amount of discrete real-time measurement data 
and corresponding spatiotemporal coordinates, where 
the superscript ns denotes the collocation points used 
for evaluating the NS equation residuals to enforce 
physical constraints, and the subscript i denotes the in‐
dividual points within this set. Nns denotes the total 
number of collocation points at which the NS equation 
residuals are evaluated to enforce physical constraints.

Subsequent computations require non-
dimensionalization of the obtained data based on 
characteristic units. The overall loss function L(NDOF, 
1/Re) is defined in Eq. (6) with the corresponding spa‐
tiotemporal coordinates.

L (NDOF 
1

Re ) = L1( NDOF ) + L2(NDOF 
1

Re ) . (6)

2.2 Model framework based on hierarchical learning

In large-scale wind farms, variations in wind 
speed and wake effects significantly affect wind tur‐
bine operation. Downstream turbines located within 
the zone of influence of upstream turbines experience 
wake effects, resulting in increased fatigue damage 
and a reduced operational lifespan.

For wake prediction, to reduce the amount of 
training data and improve prediction accuracy, we con‐
structed a hierarchical learning model (Fig. 4). The 
model comprises two components: a small-scale PINN 
designed to capture wind speed patterns in densely 
populated regions and a large-scale PINN tailored to 
fit sparse data points across the entire wind farm. Un‐
like generic hierarchical models, the proposed frame‐
work is specifically engineered for the wind farm 
wake prediction problem. The hierarchical sampling 
is driven by the flow acceleration, a direct proxy for 
the complex wake dynamics that we aim to capture. 
The integration of the NS equations ensures that the 
model adheres to the underlying physics, making it 
well-suited for predictions with sparse measurement 
data. The small-scale PINN learns the localized varia‐
tions in the wind farm, while the large-scale PINN 

considers the turbulent trends of the entire wind farm. 
These PINNs are the combined prediction models de‐
veloped in Section 2.1, enabling precise forecasting 
of the entire wind farm.

Data from the wind farm database are filtered 
based on wake-induced wind speed variations, with the 
navy blue regions containing more pronounced varia‐
tions used as training data to minimize loss data1. 
This yields a localized wake prediction model tailored 
to the wind speed variations in those areas. For re‐
gions with fewer wind speed variations, represented 
in light blue a random selection of 1/10 of the data is 
used as training data to minimize loss data2. This re‐
sults in a wake prediction model that fits the overall 
wind speed patterns across the wind farm. The combi‐
nation of these two wake prediction models yields a 
final model specific to the wind turbine array.

The hierarchical learning model uses acceleration 
to filter relevant feature data during data processing. 
This approach has similarities to the adaptive mesh re‐
finement (AMR) technique commonly used in CFD, 
especially in refining the resolution of regions with 
steep gradients or fast changes. AMR typically involves 
adaptive grid refinement based on predefined criteria 
across the entire domain, whereas our approach dy‐
namically adjusts the resolution only at localized 
points where there are significant changes in gradients 
or accelerations. In other words, our hierarchical ap‐
proach is more like the gradient-based one-sided sam‐
pling in the light gradient boosting machine method 
in terms of understanding. By not changing the distri‐
bution of samples, hierarchical sampling of training 
data not only does not reduce model performance, but 

Fig. 4  Hierarchical learning model based on the PINN
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also increases the diversity of weak learners, potentially 
improving the model’s generalization ability.

Data points with acceleration above a certain 
fixed threshold are retained entirely, while those below 
the threshold have 1/10 of their data selected. The pro‐
cessed data are then separately input into small-scale 
and large-scale PINNs, which share a similar struc‐
ture to the PINN architecture developed in Section 2.1. 
To simplify the model structure and reduce computa‐
tional costs, these two models are merged into a single 
neural network and trained to minimize the overall 
loss function. During training, the hierarchical learn‐
ing model uses processed wind farm coordinates as 
input and minimizes the overall loss function. Through‐
out the training process, the overall loss function de‐
creases and eventually stabilizes, fluctuating slightly 
around a fixed value. Training times initially exhibit 
variability but eventually stabilize, thereby reducing 
computational requirements.

Upon completion of training, the proposed pre‐
diction method not only optimizes data resource utili‐
zation but also reduces computational costs, thereby 
providing a reliable approach for flow field recon‐
struction and forecasting in large-scale and complex 
wind farm environments.

To effectively reduce the amount of required 
training data and improve wake prediction accuracy, 
we constructed a hierarchical learning-based wake pre‐
diction model, whose overall framework is shown in 
Fig. 5. Through a hierarchical sampling strategy based 
on an acceleration threshold, the model retains all data 
in high-dynamic regions while randomly selecting 
only 1/10 of the data from regions with mild variations 

for training. Finally, the two-scale PINNs are integrated 
into a single network for joint training to minimize 
the overall loss function, thereby achieving efficient 
and accurate prediction of wind farm wakes.

3 Simulation and validation 

To rigorously validate the model’s predictive ac‐
curacy, it is imperative to construct a comprehensive 
training database encompassing multi-condition wind 
speed distributions. This dataset functions as the foun‐
dational input for both model training and subsequent 
wake condition predictions across the wind farm. 
First, comprehensive geospatial data of the wind farm 
must be archived, including high-resolution terrain el‐
evation, surface roughness characteristics, and sur‐
rounding obstacle distribution. These geographical pa‐
rameters are fundamental for accurate wind field simu‐
lation. Based on the actual wind farm scenario, soft‐
ware settings must be adjusted to ensure consistency 
between the simulation setup and the real-world mea‐
surements, thereby improving the reliability and accu‐
racy of the model. However, the acquisition of accu‐
rate historical data remains technically challenging, 
due mainly to terrain complexity and inherent limita‐
tions in measurement instrumentation precision. There‐
fore, during the actual model training process, high-
fidelity simulation data are used as a substitute for his‐
torical data to approximate real wind field conditions 
as closely as possible. This approach enhances model 
training and improves its performance and accuracy 
in practical applications.

Fig. 5  Overall framework of the hierarchical learning model for wake prediction
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The high-fidelity LES solver in OpenFOAM soft‐
ware has been extensively used for numerical simula‐
tion and validation in studies of atmospheric bound‐
ary layer inflow and wake effects in wind farms. Dur‐
ing the simulation, atmospheric boundary layer condi‐
tions with unstable convection are configured, using an 
actuator line model combined with the LES method 
to investigate wake effects in wind farms. To more ac‐
curately simulate real wind farms and align with mea‐
sured data, inputs such as inflow wind speed and di‐
rection are adjusted based on partial data from 3D 
radar and mast measurements. During the configura‐
tion phase, iterative calibration procedures are imple‐
mented to optimize both the wind farm simulation pa‐
rameters and radar measurement data to ensure align‐
ment between simulated data and real measurements, 
thereby improving the reliability and accuracy of the 
simulation results.

The National Renewable Energy Laboratory 
(NREL) 5 MW wind turbine is a widely used publicly 
available wind turbine design for numerical simula‐
tion studies, developed by the NREL for performance 
evaluation and research in wind farms (Xu et al., 
2024). Section S2 of the ESM lists the basic parame‐
ters of this wind turbine.

The numerical simulation is conducted in two 
steps (Fig. 6). The precursor atmospheric boundary 
layer simulation establishes physically consistent in‐
flow conditions, with the output database serving as 
prescribed inlet boundary conditions for the main sim‐
ulation. Subsequently, the wind turbine wake model is 
integrated into the main simulation using an actuator 
line model to simulate and compute the wake effects 
of wind turbines under the corresponding atmospheric 
boundary layer inflow conditions (Amiri et al., 2024).

3.1 Precursor simulation

First, the precursor atmospheric boundary layer 
simulation is configured to simulate airflow dynamics, 
turbulent coherent structures within the atmospheric 
boundary layer, and their interactions with the Earth’s 

surface. To match actual wind farm conditions, param‐
eters in the simulation need adjustment. This includes 
wind speed, temperature, turbulence parameters within 
the atmospheric motion equations, and the specifica‐
tion of boundary conditions such as terrain features 
and surface friction coefficients. Rational adjustment 
of these parameters improves the simulation’s fidelity 
to observed data, enhancing accuracy and reliability.

In the precursor atmospheric boundary layer simu‐
lation, the wind farm was set to dimensions of 5.2 km 
in length, 2.6 km in width, and 1.01 km in height, with 
a grid resolution of 20 m. This resulted in 20 grids in 
each direction (x, y, and z), totaling 1.706 million grids. 
The inflow wind direction was oriented at 254.48° to 
represent the predominant wind regime. The surface 
temperature flux qs was set to −0.04 K·m/s to simu‐
late unstable convective atmospheric boundary layer 
flow. The initial potential temperature from the surface 
to a height of 0.9 km was set at 300 K, with a capping 
inversion layer from 0.8 to 1.0 km. The potential tem‐
perature increased linearly to 308 K above this layer, 
forming a cap over the computational domain to limit 
boundary layer expansion (Bai et al., 2023).

The precursor simulation prescribes an inflow 
wind speed of 11.4 m/s at the 90 m hub height, corre‐
sponding to typical rated turbine operation. Periodic 
boundary conditions were implemented laterally to 
maintain turbulence continuity throughout the compu‐
tational domain, while a rigid no-slip condition with 
0 m/s vertical velocity was enforced at the upper bound‐
ary. Surface friction effects were modeled using the 
Moeng wall formulation with a roughness length z0 set 
to 0.001 m, representing conditions typical of offshore 
wind farms. This setup emphasizes the impact of ver‐
tical convection on atmospheric structures under con‐
vective atmospheric conditions (Xu et al., 2023).

3.2 Main simulation

During the main simulation, it is crucial to con‐
sider the effect of complex terrain and turbine layout 
within the wind farm on airflow dynamics. Adjusting 
parameters such as grid resolution, turbine characteris‐
tics, and airflow boundary conditions enables a more 
accurate simulation of airflow distribution and turbu‐
lence structures within the wind farm. Additionally, 
factors such as the impact of turbine blades and tower 
structures on airflow, as well as interactions between 
turbines, need careful consideration. Optimizing and 

Fig. 6  Diagram of the numerical simulation process
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adjusting these parameters enables more accurate and 
reliable simulation results of the internal flow fields 
within the wind farm, providing robust data support 
for subsequent hierarchical learning models.

The wind farm simulation models 12 sequentially 
arranged wind turbines using an actuator line approach 
to compute wake effects. The specific wind turbine lay‐
out for the wind farm is provided in Section S3 of the 
ESM. The main simulation uses the same computational 
domain size as the precursor atmospheric boundary 
layer simulation. Details are given in Section S4 of 
the ESM.

3.3 Verification of the proposed method

To validate the developed wake prediction model 
for large-scale wind turbine arrays, namely the hierar‐
chical learning model based on the PINNs, a combina‐
tion of Adam and Adadelta optimization algorithms 
was used for optimizing the hierarchical learning model. 
The training of the PINN within the hierarchical learn‐
ing model was conducted using a GTX3050 GPU. The 
structure, along with the trained parameters of the PINN 
in the model, is presented in Section S5 of the ESM.

The trained hierarchical learning model captures 
rapid evolution details and turbulence characteristics 
from localized regions while learning the spatiotem‐
poral correlations of wind farms based on the 3D NS 
equations. Consequently, it enables precise reconstruc‐
tion of the entire wind farm, or specific localized re‐
gions, for any given location, time, and ultra-short-
term wake predictions. This approach, which integrates 
local observations with global predictions, enhances 
both the scientific validity and predictive accuracy of 
the model.

For validation of the hierarchical learning model, 
1/10 of the data was randomly selected to reduce the 
training data volume. To capture temporal sequence 
information, wind farm data for a continuous 10 s pe‐
riod were input into the hierarchical learning model to 
predict the wake field at the 11th second. The training 
dataset was derived from simulated wind farm data 
over the first 10 s with a time interval of 1 s, whereas 
the validation dataset comprised 3D radar and mast 
measurements from a real wind farm. Gaussian noise 
was added to the wind farm simulation data to replicate 
the measurement data and establish the test database.

Upon completion of training the hierarchical learn‐
ing model, given spatiotemporal coordinates [ti, xi, yi, 

zi] where i=1, 2, …, 10, it becomes possible to recon‐
struct the wake field behind wind turbines. This en‐
ables the reconstruction of the wind farm by consider‐
ing both localized fine wake and the overall flow 
field within the wind farm, combined with 3D grid 
propagation, to effectively predict the wake field of 
the entire wind farm. This indicates that the model not 
only predicts the wake field of the entire wind farm 
but also achieves more accurate prediction of fine 
wakes in localized regions, thereby providing more re‐
liable data support for wind farm operation and wind 
resource assessment.

To validate the proposed hierarchical learning 
model, the overall wake field of the wind farm was 
predicted, with detailed information provided in Sec‐
tion S6 of the ESM.

4 Results and discussion 

4.1 Evaluation metrics

When assessing the predictive performance of a 
model, it is essential to use multiple evaluation met‐
rics, as it can be challenging to comprehensively eval‐
uate a model’s performance based on a single error 
metric (Liu et al., 2023). Therefore, five metrics were 
used to assess the model’s effectiveness: maximum 
error (MaxE), minimum error (MinE), mean absolute 
error (MAE), mean relative error (MRE), and root 
mean square error (RMSE).

4.2 Results and comparison of the wake field 
predictions

A comprehensive evaluation of the proposed 
model’s predictive performance showed that the trained 
model can reconstruct large-scale wind farms in real 
time and predict the 3D spatiotemporal flow field 
around wind turbines. The hierarchical learning model 
is trained using flow field information from any con‐
tinuous time period within the training dataset. To com‐
pare and analyze prediction accuracy, flow field infor‐
mation from the first 10 s, with an interval of 1 s, was 
selected to predict the wake field of an array of 12 
wind turbines.

To further analyze the accuracy of the predicted 
flow field around the wind turbines, parallel cross-
sections at the locations of the first, second, and third 
rows of turbines were visualized. The numerical 
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simulation results and wind farm predictions at the 
11th second were calculated with MAEs of 0.214, 
0.251, and 0.212, respectively.

In the overall prediction of the wind farm, areas 
with significant turbulence variations exhibited larger 
prediction errors. It is suggested that focusing on 
learning the wind farm’s dynamic patterns in regions 
with higher prediction errors will effectively reduce 
flow field prediction errors and enhance the accuracy 
of wind farm wake predictions.

To illustrate the improved wake prediction per‐
formance of the proposed method, we plotted the ver‐
tical resultant velocity contour maps at the coordinates 
of the wind turbines, covering three rows with four 
turbines per row, and compared them with the results 
from a multilayer perceptron (MLP) and a CNN. Fig. 7a 
shows the resultant velocity contour map of the first 
row of wind turbines (1, 4, 7, and 10) from the numer‐
ical simulation, Fig. 7b shows the resultant velocity 
contour map predicted by the MLP for the first row, 
Fig. 7c shows the resultant velocity contour map pre‐
dicted by the CNN, and Fig. 7d shows the resultant 

velocity contour map predicted by the hierarchical 
learning method. We used about one-third of the pro‐
cessed data to construct the database for overall wind 
farm prediction. Clearly, LSTM cannot achieve this 
functionality, so it was not included in the compara‐
tive analysis.

As observed in Fig. 7, the proposed hierarchical 
learning method accurately predicted the wake behind 
the first row of wind turbines (1, 4, 7, and 10). The 
high-speed and low-speed flow structures surround‐
ing each turbine were well-predicted, and the wind 
speed range was also predicted with reasonable accu‐
racy. In contrast, the MLP and CNN failed to capture 
the local variation details in the wake, resulting in 
lower prediction accuracy and a larger overall predic‐
tion error. A careful observation of the high-velocity 
regions in Fig. 7d, compared to the ground truth in 
Fig. 7a, reveals a slight underestimation of the maxi‐
mum velocity. This phenomenon can be attributed to 
the intrinsic physical constraints of the PINN frame‐
work. The residual terms of the NS equations enforce 
a solution that is globally smooth and physically con‐
sistent. While this ensures the overall stability and 
physical plausibility of the prediction, it may lead to a 
smoothing effect that dampens local extremes, partic‐
ularly in regions with the sharpest velocity gradients. 
It is important to emphasize that this minor local dis‐
crepancy does not detract from the model’s superior 
overall performance, as it still achieved the most accu‐
rate prediction of the wake structure and the lowest 
error metrics across all evaluated methods, as un‐
equivocally shown in Table 1.

To further analyze the improvement in wake pre‐
diction performance by the hierarchical learning model, 
a mathematical analysis of the prediction results was 
conducted. Five error metrics for the cross-section 
predictions were used.

Table 1 shows the various error metrics for the 
resultant velocity predictions at the cross-sections of 
the first row of wind turbines (1, 4, 7, and 10) using 

Table 1  Velocity prediction errors for the first row

Resultant 
velocity

vt1

vt2

vt3

MaxE

−0.301

0.346

1.420

MinE

0.410

−0.820

−1.584

MAE

0.311

0.663

0.637

MRE

0.0345

0.0771

0.0786

RMSE

0.396

0.887

0.702

Fig. 7  Velocity contour maps of the first row of wind 
turbines (1, 4, 7, and 10): (a) numerically simulated result; 
(b) predicted by MLP; (c) predicted by CNN; (d) predicted 
by the proposed method. vt,real is the resultant velocity from 
the numerical simulation, vt1, vt2, and vt3 are the resultant 
velocities predicted by the proposed method, MLP, and 
CNN, respectively
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the three methods. The proposed method shows supe‐
rior predictive accuracy, exhibiting significantly re‐
duced error metrics across all evaluation indicators 
compared to both MLP and CNN benchmarks. These 
results indicate enhanced prediction precision and over‐
all performance improvement over conventional deep 
learning approaches. The larger predicted velocity er‐
rors of the MLP in Table 1 indicate its inability to cap‐
ture the local and global wake dynamics within the 
wind farm, resulting in significant inaccuracies in 
wind speed predictions. The CNN, on the other hand, 
resulted in significantly higher maximum and mini‐
mum prediction errors for the closing speed than the 
other two methods due to its high sensitivity to the 
loss function.

Fig. 8 shows the velocity contour maps for the 
second row of wind turbines (2, 5, 8, and 11). The sec‐
ond row was significantly affected by the wake ef‐
fects from the first and third rows. The proposed hier‐
archical learning model was capable of capturing the 
complex turbulence patterns and the dramatic wake 
variations around the turbines, accurately predicting 
wind speed even in regions with significant wake ef‐
fects. In contrast, the MLP failed to capture the flow 

field variation patterns, resulting in a smaller predicted 
wind speed range and lower overall prediction accu‐
racy. While the CNN captured the overall spatial dis‐
tribution pattern of the wake region with reasonable 
accuracy, it exhibited significant limitations in quanti‐
tatively reproducing the wake’s velocity deficit rela‐
tive to the ambient flow conditions surrounding the 
turbine.

Table 2 shows that the proposed method yielded 
smaller error metrics across all indicators, and these 
errors were significantly lower than those produced 
by the MLP and CNN. The MLP and CNN exhibited 
larger MaxE and MinE, as they indiscriminately train 
on the input wind farm data. This broad training ap‐
proach implies that while both methods attempt to 
capture the overall dynamics of the wind farm, they 
fail to accurately represent the localized turbulence 
structure changes, resulting in significant prediction 
errors in the details of local flow propagation.

Fig. 9 presents velocity contour maps for the 
third row of wind turbines (3, 6, 9, and 12). The mid‐
dle two turbines in this row experience a noticeable 
blockage effect, leading to lower wind speeds. The 
proposed hierarchical learning method also accurately 
predicted the wake in this region, with the wind speed 
range and values closely matching the true conditions. 
While the MLP correctly predicted the wind speed 
range, it exhibited a larger overall prediction error and 
lower prediction accuracy. While the CNN showed su‐
perior performance over the MLP, it exhibited system‐
atic bias in predicting the wake’s low-velocity regime 
and had inadequate sensitivity to wind speed varia‐
tions in this region.

Table 3 shows that the proposed method once 
again resulted in smaller error metrics across all indi‐
cators. The MLP showed a large MaxE and a small 
MinE, indicating that its overall predicted range was 
excessively broad. The MLP does not specifically tar‐
get the detailed wake regions where wind speed dy‐
namics are complex, thereby failing to capture the in‐
tricate wake structure changes and resulting in larger 

Table 2  Velocity prediction errors for the second row

Resultant 
velocity

vt1

vt2

vt3

MaxE

−0.433

−1.110

1.707

MinE

0.390

0.843

−1.579

MAE

0.297

0.689

0.447

MRE

0.0401

0.0821

0.0534

RMSE

0.397

0.855

0.535

Fig. 8  Velocity contour maps of the second row of wind 
turbines (2, 5, 8, and 11): (a) numerically simulated result; 
(b) predicted by MLP; (c) predicted by CNN; (d) predicted 
by the proposed method
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prediction errors for the wake. The latter two metrics 
calculated for the CNN were superior to those of the 
MLP, but the errors on the five evaluation metrics re‐
mained higher than those of our proposed method.

Comparing the above results in Figs. 7–9, it is 
evident that regardless of the region, whether it is 
characterized by significant wake effects, pronounced 
blockage effects, or complex turbulence patterns, the 
proposed hierarchical learning method based on PINNs 
accurately predicts wind speed. The proposed method 
shows high-fidelity prediction of both high- and low-
velocity flow structures around individual turbines, 
achieving superior accuracy in both wind speed mag‐
nitude and directional components. In comparison, the 
MLP shows significantly larger prediction errors, par‐
ticularly in wake-affected regions with strong velocity 
deficits. In these areas, it predicts a narrower wind 

speed range with lower accuracy, despite requiring 
substantially more training data than the hierarchical 
learning model. From the prediction results in Fig. 7, 
it is evident that the CNN, as a purely data-driven 
model, produces predictions that do not conform to 
the physical laws of wake flow distribution when the 
data distribution is sparse.

The numerical analysis results indicate that for 
the second row of wind turbines, where wake effects 
are significant, and the third row, where blockage ef‐
fects are pronounced, the proposed hierarchical learn‐
ing model accurately predicted the wake with smaller 
overall prediction errors. In contrast, the MLP’s pre‐
diction errors across the three tables did not show a 
clear numerical pattern, making it difficult to interpret 
the magnitude of the errors reasonably or to optimize 
the model parameters based on these errors to improve 
prediction accuracy. The predictive accuracy of the 
CNN showed strong dependence on input data distri‐
bution, limiting its capability to resolve the physical 
wake flow patterns with high fidelity. Comparative 
analysis confirmed the proposed model’s superior 
performance over both MLP and CNN approaches 
in terms of wake prediction accuracy and physical 
consistency.

This performance difference arises because the 
PINN framework in the hierarchical learning model 
implicitly considers the correlations between wind 
speeds at different locations through the residual terms 
of the NS equations, thereby capturing the overall dy‐
namics of the wind farm. Meanwhile, the Data-NN 
component specifically learns the fast-changing flow 
structures in regions with more turbulence. As a re‐
sult, the model can accurately predict the local flow 
structures within the flow field.

The prediction results show that the hierarchical 
learning model, which selectively learns the overall 
wind farm dynamics and local flow details, not only 
significantly reduces the data required for model train‐
ing but also enables accurate predictions of both glob‐
al and local wake fields. Therefore, the proposed hier‐
archical learning model is capable of capturing wind 
farm dynamics, exhibiting excellent spatiotemporal pre‐
diction performance, and can be applied to ultra-short-
term spatiotemporal wake prediction in wind farms. 
Note that although the proposed hierarchical PINN 
framework requires a relatively high computational 
cost during offline training, the inference process is 

Table 3  Velocity prediction errors for the third row

Resultant 
velocity

vt1

vt2

vt3

MaxE

−0.252

−0.861

1.506

MinE

0.360

0.478

−1.848

MAE

0.207

0.263

0.337

MRE

0.0251

0.0538

0.0404

RMSE

0.452

0.616

0.439

Fig. 9  Velocity contour maps of the third row of wind 
turbines (3, 6, 9, and 12): (a) numerically simulated result; 
(b) predicted by MLP; (c) predicted by CNN; (d) predicted 
by the proposed method
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extremely fast once the model is trained. Therefore, 
the proposed method is applicable for ultra-short-term 
wake forecasting in practical wind farm operations.

In summary, the hierarchical learning model de‐
veloped in this study outperforms the MLP and CNN 
in capturing the variations and details of the flow field, 
significantly enhancing the accuracy of wake predic‐
tion for wind turbine arrays.

To further assess the performance of the hierar‐
chical learning model and illustrate its superiority in 
wind farm prediction, the third column (7, 8, and 9) 
of wind turbines was selected. A cross-section 441 m 
downstream of this column, where the flow field ex‐
hibits more complex wind speed dynamics and larger 
data volume, was chosen for comparison. Additionally, 
the cross-section 441 m downstream of the fourth col‐
umn (10, 11, and 12), which also contains rich wind 
speed dynamics but with less data, was selected for 
further analysis. Figs. 10a and 11a represent the veloc‐
ity contour maps of the actual flow field obtained 
from numerical simulations, Figs. 10b and 11b show 
the velocity contour maps predicted by MLP, Figs. 10c 
and 11c show the velocity contour maps predicted by 

CNN, and Figs. 10d and 11d show the velocity contour 
maps predicted by the hierarchical learning method. 
The visualization effects in Figs. 10 and 11 show that 
the overall flow structure and wind shear of the wind 
farm were well predicted. The predicted results also 
align more closely with the actual wind farm. This in‐
dicates that the proposed method successfully cap‐
tures the 3D spatial variations and temporal evolution 
of the incoming turbulent wind, demonstrating excel‐
lent spatiotemporal prediction performance.

To further compare the accuracy of the three 
methods, the five error evaluation metrics from 
Section 3 were used to assess the prediction accuracy 
of the three methods. The prediction performance in 
different areas of the wind farm was analyzed and 
compared. The data clearly show that the hierarchical 
learning model accurately predicted the horizontal 
cross-sectional velocity of the wind farm.

In Table 4, the values of the five error evaluation 
metrics for the hierarchical learning method are all 
lower than the prediction error values of the MLP and 
CNN, indicating higher prediction accuracy. In con‐
trast, the MLP shows a larger MinE and a smaller 

Fig. 11  Cross-sections of the flow field 441 m downstream 
of the fourth column (10, 11, and 12) of wind turbines: (a) 
actual flow field obtained from simulations; (b) predicted by 
MLP; (c) predicted by CNN; (d) predicted by the proposed 
method

Fig. 10  Cross-sections of the flow field 441 m downstream 
of the third column (7, 8, and 9) of wind turbines: (a) actual 
flow field obtained from simulations; (b) predicted by 
MLP; (c) predicted by CNN; (d) predicted by the proposed 
method
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MaxE, resulting in a narrower predicted wind speed 
range. It is significantly affected by certain extreme 
values, leading to overall low prediction accuracy. 
This suggests that the MLP failed to effectively cap‐
ture the turbulent structure variations within the wind 
farm. The maximum and minimum prediction errors 
of the CNN are similar to those of the longitudinal 
section of the wind turbine wake field, indicating that 
the CNN performs poorly in predicting certain velocity 
variation ranges and inaccurately predicts the distribu‐
tion of the wake field. Therefore, we conclude that 
the proposed hierarchical learning model reduces the 
amount of training data needed while effectively cap‐
turing the turbulent structure variations in the wind 
farm, demonstrating superior performance.

In Table 5, the values of the error evaluation met‐
rics for our proposed method are all small and close 
to 0, with both the MaxE and MinE values being sig‐
nificantly smaller than those of the MLP and CNN. 
This indicates that our proposed method effectively 
captures the variations in flow field structures and ex‐
hibits better predictive performance. This is because 
we incorporated constraints from the 3D NS equa‐
tions. Additionally, when we increased the amount of 
training data for the MLP, the prediction accuracy did 
not improve and even led to increased training time, 
which was also the case for the CNN. This suggests 
that relying solely on data to learn the physical laws 
of the wind farm is not ideal and may even lead to 
greater time and resource consumption. Therefore, the 
hierarchical learning model based on PINNs not only 
reduces the amount of training data and computation 
time but also effectively captures the dynamics and 

flow details of the wind farm, demonstrating superior 
performance.

To further demonstrate the superiority of the pro‐
posed method in wind farm prediction, Section S7 of 
the ESM shows the streamwise velocity u, the span‐
wise velocity v, and the vertical velocity w at a specific 
moment in the wind farm. Comparisons reveal that 
our hierarchical learning model based on PINNs, when 
compared to the MLP and CNN, can accurately pre‐
dict the evolution details of velocities in each di‐
rection, capture the dependencies between 3D wind 
speeds, and accurately forecast the ultra-short-term 
wake field. To validate the accuracy of the proposed 
hierarchical learning prediction method for each wind 
speed component, we conducted an analytical compari‐
son with both MLP and CNN approaches. Detailed 
information is provided in Section S8 of the ESM.

4.3 Wind direction prediction error in array flow 
fields

To comprehensively evaluate the performance 
improvement of the hierarchical learning model in 
wind farm prediction, a comprehensive assessment of 
the wind direction prediction performance was under‐
taken. Owing to the periodic characteristic of wind di‐
rection, the MaxE and MinE are susceptible to distor‐
tion from extreme values and offer limited insight in‐
to model consistency. Therefore, only the MAE, MRE, 
and RMSE were used to ensure a representative and 
stable evaluation of wind direction prediction perfor‐
mance. To ensure a robust evaluation and mitigate the 
risk of overfitting to a specific flow regime, the analy‐
sis targeted four strategically selected regions charac‐
terized by distinct wake interactions: the vertical cross-
sections at the second row, the vertical cross-sections 
at the third row, the horizontal cross-section 441 m 
downstream of the third column, and the horizontal 
cross-section 441 m downstream of the fourth column. 
This multi-region approach effectively demonstrated 
the model’s superior generalization capability.

The wind direction prediction errors across the 
four strategically selected regions are summarized in 
Section S9 of the ESM.

5 Conclusions 

To achieve accurate prediction of wind turbine 
wake fields, we applied a hierarchical learning approach 

Table 4  Velocity prediction errors 441 m downstream of 

the third column of wind turbines

Resultant 
velocity

vt1

vt2

vt3

MaxE

−0.241

−0.342

1.552

MinE

0.512

1.465

−1.744

MAE

0.210

0.316

0.288

MRE

0.0218

0.0312

0.0324

RMSE

0.288

0.437

0.401

Table 5  Velocity prediction errors 441 m downstream of 

the fourth column of wind turbines

Resultant 
velocity

vt1

vt2

vt3

MaxE

−0.065

−0.161

1.497

MinE

0.070

0.827

−1.362

MAE

0.154

0.255

0.326

MRE

0.0155

0.0257

0.0357

RMSE

0.209

0.334

0.432
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within an integrated neural network framework, pro‐
posing a real-time dynamic wind field prediction method 
that balances both global and local aspects. By incor‐
porating hierarchical learning and partial differential 
equations, the method reconstructs dynamic wake fields 
at any spatiotemporal coordinates using sparse data. 
Simulation results showed that the proposed method 
has a lower algorithmic complexity, which achieves 
reliable prediction accuracy while reducing data re‐
quirements, effectively capturing the correlations and 
dependencies among wind speeds in various dimen‐
sions of the wind farm.

Although our proposed method shows high pre‐
dictive accuracy and achieves a lower MAE than the 
other two methods, several limitations remain. First, 
while our hierarchical learning approach significantly 
reduces the amount of training data required, the 
model’s performance is ultimately dependent on the 
quality and representativeness of the high-fidelity simu‐
lation data used for pre-training. In practical applica‐
tions where real measurement data are sparse or con‐
taminated with noise, or when encountering inflow 
conditions and turbine operating states not covered in 
the simulation database, the model’s generalization 
capability and prediction accuracy may be compro‐
mised. Second, concerning physical assumptions, the 
physical constraints are governed by the NS equations 
with a fixed effective Re. While this provides a valu‐
able physical prior, it introduces simplifications. The 
use of a constant Re may not fully capture the dynamic 
and multi-scale nature of atmospheric turbulence. Fur‐
thermore, the accuracy of the model is inherently lim‐
ited in regions with large velocity fluctuations and 
strong shear, where the assumptions underlying the 
NS equations might be less effective in representing 
complex and high-frequency turbulent structures. Third, 
the physical constraint component of PINNs is chal‐
lenging for parallelization, which may become a com‐
putational bottleneck and hinder scalability.

Future work will focus on investigating the spa‐
tiotemporal reconstruction and prediction of wind tur‐
bine wakes in 3D space by exploring other deep neu‐
ral network architectures to capture detailed changes 
in the near-wake and far-wake regions. Additionally, 
enhancing the scalability of PINNs through operator 
learning or sparse modeling will be explored as a com‐
plementary direction. These advancements are expected 
to bring significant breakthroughs and progress to the 

research and practical applications in the wind energy 
field.
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