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Abstract

A cross-construction method is proposed to establish a wind turbine wake dataset with
significantly reduced computational fluid dynamics (CFD) costs. This method involves
adjusting one operating parameter, such as the tip speed ratio (ITSR), while maintaining the
others at their optimal values. This procedure is repeated across another parameter (inflow
velocity) to generate a sparse but informative dataset. CFD simulations were performed
using large eddy simulation (LES) coupled with an actuator line model (ALM) to generate
data. A pre-training and fine-tuning network based on error classification (PFNEC) was
developed, achieving high prediction accuracy with coefficients of determination of 0.9750
and 0.9851 for two validation conditions. Two models based on a softmax function and a
residual block were designed, and they achieved the best performance, with coefficients
of determination of 0.9921 and 0.9891 under different conditions. The Fourier embedding
was applied to enhance input features of neural networks. Four samples added to the
original dataset improved the prediction accuracy for extreme operating conditions, from
coefficient of determination values of 0.7143 and 0.7034 to 0.9939 and 0.9886 with Fourier
embedding. This cross-construction method can significantly reduce the cost of dataset
establishment. The models exhibited reliable generalization and prediction accuracy.

Keywords: wind turbine wake prediction; neural network; error classification learning;
softmax function; residual block

1. Introduction

As a form of clean energy, wind power has become an increasingly significant con-
tributor to the energy supply [1]. A wind turbine is an energy-conversion device that
converts wind energy into electricity and can be classified into horizontal axis wind tur-
bines (HAWTs) and vertical axis wind turbines (VAWTs) [2], and other configurations.
Wind farms are the primary configuration for large-scale wind energy utilization. The wind
turbine wake posed a major challenge to operational optimization and the maximization
of energy production [3]. It is important to predict wake characteristics and provide more
wake information for the control strategy.

In the early stage of wind turbine wake prediction, the analytical model was carried
out by researchers to perform the prediction. The Jensen model was given in 1983 [4], and
then the Gaussian model was proposed with an assumption of a Gaussian profile of wake
velocity deficit [5]. A three-dimensional wake model was developed for offshore wind
turbines [6]. Analytical models can efficiently estimate wake velocity, but their accuracy
remains limited, especially under non-optimal conditions.
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The machine learning method was also applied to the prediction of wind turbine
wakes. Neural networks can represent the nonlinear mapping between operating con-
ditions and wake quantities, and they have become widely used for flow prediction [7].
The neural network architectures employed in the prediction of wind turbine wake fields
include multilayer perceptrons (MLPs), also referred to as feedforward artificial neural
networks (ANNSs), convolutional neural networks (CNNs), and graph neural networks
(GNNSs) [8]. In addition, more advanced frameworks have recently been explored, such
as physics-informed neural networks (PINNSs) [8]. Wake predictions are performed using
the wind speed, tip speed ratio (TSR), and turbulence intensity as the input features. The
wind velocity of a single turbine was predicted by the MLP, and the data was generated
by computational fluid dynamics (CFD) [9]. The turbulence intensity and wake velocity
of a standalone wind turbine with uniform inflow were predicted by the ANN trained by
CFD simulations [10]. Ti et al. [11,12] adopted an ANN for wake and power prediction,
and the results were acceptable. Nakhchi et al. [13] established a dataset by simulation and
also used an ANN architecture to predict the wake field with low deviation. A surrogate
model trained on real-world light detection and ranging (LiDAR) was used to extract latent
space and forecast wake flows [14]. To incorporate with the analytical wake model, the
ANN was used to predict nonlinear wake expansion and calculate wake flows with the
Jensen model [15]. To more effectively capture spatial correlations in wake flow fields, the
convolutional neural network (CNN) was also applied to spatiotemporal wake predic-
tion [16,17]. A deep convolutional conditional generative adversarial network (DC-CGAN)
was proposed. It can capture wake deflection with the turbine yaw angle, and the CGAN
has the capability of generalization [18]. LES data were used to train the CNN autoencoder
to reconstruct the time-averaged flow field [19]. A Graph Neural Operator (GNO) architec-
ture containing two GNN layers was designed, which can identify zones characterized by
strong wake interactions [20]. The physics-informed neural network (PINN) was proposed,
and the governing equations can be added into the loss function to make neural networks
learn physical law [21]. For wind turbine wake prediction, the measurement data was
considered as data loss to reconstruct multi-turbine wake fields [22]. The actuator disk
model (ADM) was added in the governing equations to calculate the force acting on the
fluid by the wind turbine, and to calculate the wake field [23]. A multi-scale prediction
framework of wind turbine wake field was constructed and had high accuracy for single
turbine, turbine array, and utility-scale wind farm [24].

Different neural network architectures have been developed for wind turbine wake
prediction, but the design of these models does not explicitly consider the intrinsic physical
characteristics of turbine wake flows. In this study, the features of wind turbine wakes are
incorporated into both data feature engineering and neural network design to improve
predictive performance.

The neural networks are capable of rapid wake prediction, but effective training
requires a high-quality dataset. 403 simulations were conducted to generate the dataset,
and then an artificial neural network (ANN) was established to predict the wake flows [11].
Nakhchi et al. [13] conducted a series of high-fidelity simulations using LES to generate
training data and adopted the Extreme Gradient Boosting machine learning algorithm for
wake prediction, and they found the Extreme Gradient Boosting model was more accurate
than the ANN model. Li et al. [17] conducted 17 temporal simulations under different
turbine yaw angles as training data, and a convolutional neural network was trained
to infer flow fields. A combination of an engineering wake model and LES simulations
was used to train a data-driven model with reduced computational cost [25]. Previous
studies typically identify a set of wind turbine operating parameters, vary each parameter
uniformly, and then combine all parameter levels to form a dense parameter-space dataset.
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This approach is computationally expensive because it requires a full CFD simulation for
every parameter combination. Therefore, there is a need for approaches that can efficiently
construct a comprehensive dataset at a lower cost.

This study addresses two fundamental questions: (1) How can a comprehensive
dataset be constructed in a cost-effective manner? (2) How can wake characteristics be
effectively embedded into neural network architectures? A neural network based on error
classification was designed to improve predictive performance. The Fourier embedding
method was introduced to enrich the input features [26]. This study proposed a cross-
construction method for dataset establishment, and a sparse wind turbine wake dataset
was built at a low cost by using this method. The neural networks were designed for
wind turbine wake prediction, and it is demonstrated that the Fourier embedding can
improve predictive accuracy. In Section 2, CFD setup and validation are described. The
comparison between a fully connected network (FCN) and an artificial neural network
(ANN), and the introduction of the cross-construction method, are presented in Section 3.
The advanced models based on error classification are illustrated, and results are analyzed
in Section 4. The comprehensive results and discussion are in Section 5. The generalization
of neural networks and the modification of the cross-construction dataset are in Section 6.
The conclusions of this study are in Section 7.

2. CFD Framework

The filtered continuity equation and the filtered Navier-Stokes equation for the LES
method in incompressible flows were shown as follows [27-29]:

aﬁl‘_
o, 0 (1)
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o Tag ) = oot pavax,  ax,
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where 1; is the filtered velocity tensor, the overbar represents grid-filtered variables, p is
pressure, p is air density 1.225 kg/m?, u is dynamic viscosity, and f; is the external force
calculated by ALM. 7;; = u;u; — u;u; is the sub-grid scale (SGS) stress tensor. In the
One-Equation model:

1 _
Tij — 3 Tkdij = —2VsgsSij ©)
= 1 aﬂi aﬂ]
Sz] = 2<ax]+ax,> 4)
Oksgs  _ Oksgs 1 _ kg? d kg
ot + M]‘ ax] = — <Tl/ — 3(5ikak> Sl] — CST —&w + Tx] (CkA ksgs + 1/) ax] (5)
Vsgs = CkA ksgs (6)

where v is sub-grid kinematic viscosity, Ce and Cj are two constant coefficients where Ce = 0.93
and Cy = 0.0673, A is the filter size, and &, is the near-wall dissipation correction.

The LES One-Equation model was implemented in this simulation [30,31]. As for the
wind turbine wake flow, the ALM was coupled with the LES method for wind turbine
flow simulation [32]. The wind turbine model and experimental data come from NTNU
(Norges Teknisk-Naturvitenskapelige Universitet) “Blind test 1” [33,34]. The computational
domain is depicted in Figure 1. The size of the computational domain is identical to that
of the experiment in height and width. The inflow velocity Uy = 10 m/s is set as an inlet
boundary, and the outlet is set as a pressure boundary. The turbulence intensity of the
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inlet is 0.3%, which is consistent with the experimental setup. To avoid resolving the wall
boundary layers with a finely refined mesh, slip boundary conditions are applied on the
top, bottom, front, and back walls. All of the simulations were conducted using the open
software SOWFA (Simulator fOr Wind Farm Applications).

|
>

Slip Outlet

2m | Inlet
—r

f v
2m X e
27 N <I1.35m

= 11m

Figure 1. The computational domain.

The initial mesh size of the mesh region is 0.15 m for the entire computational domain.
The wake region was refined progressively. The first refinement region is x € [-1.8 m, 9 m],
y € [-1.35m, 1.35m], and z € [0 m, 2 m]. The second refinement region is x € [-0.5 m,
49m],y €[-0.9m,0.9m], and z € [0 m, 1.5 m]. The third refinement region is x € [-0.3 m,
47m],y € [-09m, 0.9 m], and z € [0 m, 1.5 m]. The fourth refinement region is x €
[-0.2m,28m],y € [-09m, 0.9 m], and z € [0.3 m, 1.5 m]. The grid size in the finest
region is 0.009375 m. The unsteady time step corresponded to a 1° rotor rotation across
all TSR conditions, with a mean flow field averaging window exceeding 50 revolutions to
ensure statistical convergence. The inflow turbulence intensity was set as 0.3% at the inlet,
which is the same as the experimental setup [34].

In the application of ALM, the Gaussian projection function is used to make the
distribution of lift force and drag force smoother [33]:

1 d?
e = WGXP(_EQ) )

where ¥ is a smooth projection function, ¢ is the Gaussian projection width, and d is the
distance between the local actuator point and the local grid. The Gaussian projection width
is set as € = 0.0018 m in this study.

The definition of TSR is shown in Equation (8). The validation of the simula-
tion through the comparison to experimental measurements of power coefficient C,
(Equation (9)) and thrust coefficient Ct (Equation (10)) was shown in Figure 2. The numeri-
cal results agree well with the experimental data for the power coefficient C, and thrust
coefficient Ct from low TSR to high TSR. The numerical framework of this study is credible
for the simulation of wind turbine wake flows and for constructing a wake dataset.

wR

A= —
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where A is TSR, w is rotational speed (rad/s), R is radius of rotor (m), Uy is free stream
velocity 10 m/s, Umean is the time-averaged velocity (m/s), M is torque of turbine (N-m), F
is axial force of turbine (N), A is swept area of turbine (m?).
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Figure 2. Power and thrust coefficient.
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3. Verification of Fully Connected Network and Dataset Establishment
3.1. Comparison Between Artificial Neural Network and Fully Connected Network

CFD simulations were performed for different conditions by cross-varying of TSR
A =5.6 and design wind speed Uy = 10 m/s to build a dataset. Table 1 lists variation in
input variables (A, Up) from Cases 1-36. Cases 35 and 36 are used as validation cases.
The CFD dataset was generated on Intel(R) Xeon(R) CPU E5-2678 v3 @ 2.50 GHz using
parallel processing. The training and inference of the neural networks were performed on
a CPU 13th Gen Intel(R) Core(TM) i7-13700k. In each training, the models were trained
for 500 epochs to guarantee convergence. The code link is as follows: https:/ /github.com/
CAME-THU/Wake-prediction-model-PFNEC.

Table 1. The conditions of the dataset.

Case A Uy (m/s) Case A Uy (m/s)
1 5.6 6 19 5.6 15
2 5.6 6.5 20 3 10
3 5.6 7 21 35 10
4 5.6 7.5 22 4 10
5 5.6 8 23 4.6 10
6 5.6 8.5 24 5.1 10
7 5.6 9 25 6 10
8 5.6 9.5 26 6.1 10
9 5.6 10 27 6.6 10
10 5.6 10.5 28 7.1 10
11 5.6 11 29 7.6 10

12 5.6 11.5 30 8.1 10

https://doi.org/10.3390/en19051385
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Table 1. Cont.
Case A U, (m/s) Case A U, (m/s)
13 5.6 12 31 8.6 10
14 5.6 125 32 9.2 10
15 5.6 13 33 9.6 10
16 5.6 13.5 34 10.2 10
17 5.6 14 35 7.3 11.5
18 5.6 14.5 36 4.0 8.5

An ANN was applied to wind turbine wake prediction, and the model was decom-
posed into multiple sub-models [11-13]. The architecture of the ANN is shown in Figure 3.
A total of 1017 sub-models were designed in this study, and one sub-model contains
75 elements of output U, and the 75 elements are consistent with the setting in Ref [13]. The
hidden layer of each sub-model has 10 neurons. The performance of the ANN is compared
with neural networks designed in this study.

(Training data  CFD simulation)

{ Training
< Back Propagation |
Tanh Sub-domain 1 e

‘oSN o -

UKL/ P
A=wR/ UO 0 \ e

o —————
U, & ] .
— Input A . Array2 Output ol % %

e # —
Uo Inference €(

>Labels Planar wake mean velocity

| Forward Propagation

Figure 3. Architecture of ANN.

The architecture of the FCN used in this study is designed and shown in Figure 4.
The inputs of FCN are TSR A and freestream wind speed Uy, and the output of FCN is
grid-point velocities of the XY plane at hub height z = 0.817 m, which contains n = 76,230
spatial points. In order to obtain better prediction performance and avoid overfitting,
two hidden layers with 128 and 256 neurons in FCN are selected, respectively.

The relative error J between neural network (NN) predictions and CFD simulations is
defined as:

5= umeaanN — UmeanfCFD % 100 (12)
umean—CFD
where Upean-crp is the mean velocity Umean calculated by CFD, and the Upyean-NN is the
mean velocity regressed by the neural network algorithm.
The coefficient of determination R? and root mean square error (RMSE) are defined as:

(13)
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I
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RMSE = 19; — i (14)
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where N is the number of samples, and y; is the value of the CFD results, and 7; is the value
of NN results, and v is the average value of CFD data.

(Training data  CFD simulation)

! Training
Back Propagation |

Rel. U

X
O
&
O

3

128

256 Labels
| Forward Propagation >

Figure 4. Architecture of FCN.

Planar wake mean velocity

In order to compare the predictive ability of ANN and FCN for external conditions
(A, Up) = (7.3,11.5) and (A, Up) = (4.0, 8.5), the inference results are shown in Figure 5. The
Umean contour of ANN and FCN is shown in Figure 6. The scatter distributions of the ANN
and FCN predictions with respect to the CFD (ground-truth) are depicted, and +5% as well
as +10% relative error bands are also marked in Figure 5. Based on the comparisons in
Figures 5 and 6, the FCN consistently exhibits better performance than the ANN.

The FCN performs better than the ANN for the (A, Up) = (4.0, 8.5) condition. The
coefficient of determination R?> and RMSE for (A, Up) = (7.3, 11.5) are R? = 0.9541 and
RMSE = 0.5366, which is a little larger than for (A, Up) = (4.0, 8.5) with R? = 0.9505. The
prediction results of the ANN are R? = 0.7374 for (A, Up) = (7.3, 11.5) and R? = 0.3858 for
(A, Up) = (4.0, 8.5). There is a large difference between the ANN and CFD in Figure 6.
In the study by Ti et al. [11], the RANS method was used to generate data for training.
The flow data were interpolated into x x y x z =40 x 250 x 24. Nakhchi et al. [13] used
the LES method to generate training data, and the flow field data were interpolated into
360,000 data points for training, but the number of grid elements is 10.36 million for LES. If
grid-point data were interpolated into a sparse grid, the detailed features such as sharp
gradients and high-frequency structures in the wake would be missed. But in this study,
the LES simulation was used to generate training data, and the grid-point data was directly
exported without any sparse interpolation. Therefore, both the training and validation
results preserve the LES spatial resolution.
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Figure 5. The distribution of mean velocity Umean regressed by ANN and FCN against CFD simula-
tion results.

3.2. Cross-Construction Method

As for a data-driven model, it is important to construct a comprehensive and high-
quality dataset. As analyzed in the previous section, high-fidelity simulations are required,
and the data should be exported directly without any interpolation to preserve high spatial
resolution for training the neural network. However, the computational cost of constructing
a high-fidelity CFD dataset is high. In previous studies, researchers established a dataset
comprising several hundred cases. Ti et al. [11] established a wake dataset with a total of
403 simulations across a range of varying velocity and turbulence intensity. Therefore, a
critical question arises as to how a sparse dataset can be constructed while still retaining
the ability to capture comprehensive wake characteristics.
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Figure 6. The comparison of ANN and FCN results of mean velocity Umean on the XY plane.

A cross-construction method was proposed to address the above question. Generally,
a large number of conditions (blue and black points) should be simulated by CFD to
establish a full condition dataset, as shown in Figure 7. In order to reduce computational
cost and guarantee diversity of the dataset, a cross-construction sampling method was
put forward to establish the dataset, as shown in Figure 8. The parameters of TSR = 5.6
and Uy = 10 m/s are chosen based on turbine design. The turbine is designed for a wind
speed of 10 m/s and a design TSR of A = 6.0 [33]. When the wind speed is high, the
pitch control is employed to reduce TSR to prevent overspeed and protect the turbine
components. Accordingly, the parameters of Uy = 10 m/s and A = 5.6 are selected to
generate the dataset using the cross-construction method in this study. Two parameters are
varied in a crossed manner to construct a sparse dataset, as distributed in Figure 8 and in
Table 1. Two external conditions were simulated as validation samples, aiming to verify the
effectiveness of the cross-construction method. Obviously, it is a sparse dataset with two
parameters varying from low to high values. The simulation of blue data points in Figure 7
was avoided. Approximately 270 CFD simulations corresponding to the blue markers in
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Figure 7 were avoided using the cross-construction method. The validation is performed to
verify whether this dataset can reflect comprehensive characteristics.
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Figure 7. Distribution of parameters TSR and U for constructing the training dataset.
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Figure 8. Sparse distribution of parameters TSR and Uy of the cross-constructed training dataset.

4. Network Design and Analysis
4.1. Fully Connected Network with Coordinate Information

Moreover, it is also necessary to modify the neural network architecture to enable
high-accuracy predictions when a model is trained on a sparse dataset. As shown in
Figures 5 and 6, it has a large difference in velocity distribution at different spatial locations
within the wake flow field. A high-error region occurs near the blade tips. The location
near the blade tip has a large velocity deficit due to the effect of the turbine blades. In order
to improve the prediction accuracy of the wind turbine wake velocity field, coordinates are
included as input features to represent spatial features. The consideration of coordinate
information aims to enhance the spatial correlation captured by the neural network. A fully
connected network with coordinate (FCN-C) was designed as shown in Figure 9. In FCN-C,
the number of inputs is 4, and the output is 1, and every sample has a unique coordinate
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value (x, ). As for one operating condition, all of the samples in the 2D plane have the
same A and Up. The output is the velocity Umean of one spatial point. One sample (x, y)
corresponds to one output velocity Umean. Every case has n = 76,230 points in a 2D plane,
so that in FCN-C, every case has n = 76,230 samples.

(Training data  CFD simulation)

T
»
RelLU

128

Inference

features

Planar wake mean velocity

Figure 9. Architecture of a fully connected network with coordinate information.

After consideration of coordinate information, the results of FCN-C are shown in
Figures 10 and 11. The predictive result is shown in Figure 10 by scatter plot. The contour
of CFD Umean, the predictions, and the corresponding errors are shown in Figure 11.
The results show that the prediction accuracy is improved by FCN-C. The coefficient of
determination for (A, Up) = (7.3, 11.5) is R? = 0.9752, which is larger than R? = 0.9541 by
the FCN model. 93.79% of the n = 76,230 data points have relative error within 10% (—10%
< 6 <10%) for (A, Up) = (7.3, 11.5) condition. The coefficient of determination R? for (A,
Up) = (4.0, 8.5) is R? = 0.9528, which is also larger than the FCN result R?> = 0.9505. But
93.18% of the data points, n = 76,230, have relative error within 10% (—10% < ¢ < 10%),
which is lower than the FCN model. The RMSE decreases to 0.3945 and 0.2952 for the two
conditions. It is evident in Figure 11 that the high error region near the blade tips is reduced
in FCN-C compared with FCN.
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Figure 10. The distribution of mean velocity Umean regressed by FCN-C against CFD simulation results.
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Figure 11. The comparison of FCN-C and CFD simulation results of mean velocity Umean On the
XY plane.

4.2. Advanced Model Based on Error Classification

As for the prediction of grid resolution required by LES simulation, a part of the spatial
grid points have large deviations from the ground-truth data, especially in low-velocity
regions. A fine-tuning neural network was designed to learn features in low-velocity
regions. A pre-training and fine-tuning network based on error classification (PFNEC)
was designed. As shown in Figure 12, the first neural network is trained initially, and
the preliminary network is obtained. The trained preliminary network is used to infer
from training data, and the errors are computed against the training data. Samples with
large errors indicate that they are difficult for the preliminary network to learn. Then, the
relative error is used as the criterion to divide the training data into five categories, as in
Figure 12. Bengio et al. proposed the strategy of curriculum learning, starting from easier
examples to more difficult examples [35]. In this research, the first training of the network
was performed on samples with errors < 10%. After first training with an error < 10%, the
NN is obtained, and then the data with 10% < error < 30% was used to fine-tune NN to
obtain NNj. This procedure is repeated in the same manner, and five models are ultimately
obtained after the fine-tuning process with the total classified data.

Finish Training

classification

( Training ]
data

@ Preliminary Predicted
Input Net result

Inference
Training datal

Figure 12. The architecture of pre-training and fine-tuning a network based on error classification.
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After training, the five models, NN1-NNj, are obtained for different samples according
to error performance in the training data. Therefore, as for validation data during inference,
the first process is to identify which category the validation sample belongs to, and then the
corresponding model is selected to infer. The three classification methods are considered in
this study, as shown in Figure 13. (1) The first method is training data classification (TDC),
in which the validation samples are classified based on the index of training samples. As
for one operating condition for a certain TSR coupled with a certain wind speed, the middle
plane contains 1 = 76,230 spatial points, and corresponding predicted values have different
errors, and these points are assigned to different categories. These points are indexed from
0 to 76,229. The validation data is classified according to their index of 76,230 points for
one condition, based on which category the training sample with the same index belongs
to. (2) The second method is Euclidean distance classification (EDC). As for the FCN-C
model, four inputs of coordinates x (i = 0), y (i = 1), TSR (i = 2), and wind speed (i = 3) are
used of neural network. The Euclidean distance (in Equation (15)) is used to determine the
classification of validation samples. In Equation (15), the dimension is D = 4. As for each
testing sample, the Euclidean distance d(x,y) can be calculated for every training sample.
In this process, the Euclidean distance related to coordinates x (i = 0) as wellas y (i = 1) is
calculated first, and the closest indices are found with training samples. The first Euclidean
distance discrimination pays more attention to spatial features because high-level error
points concentrate in adjacent spatial areas. After the first discrimination, the TSR (i = 2)
as the third parameter for Euclidean distance is then incorporated to further determine.
Finally, if the previous three parameters i = 0, 1, 2 do not uniquely determine the category
of that validation sample, the fourth parameter i = 3 is used to calculate Euclidean distance
and identify the nearest neighbor, and assign a unique category. (3) The third method is
neural network classification (NNC), in which a classification model is designed to learn
based on training error data. The training data is divided into five categories so that five
outputs are set for the classification model. After training, the NNC can predict a certain
category of validation samples and select and apply the corresponding model for inference.
Other classification methods can also be used, such as support vector machine, random
forest, and so on.

(15)

where D is the dimension of data space (D = 4 in this study), x is the validation sample, and
y is the training sample.

Training data NN, ¥
NN, @ .
Euclidean Distance -
=] _a—
Test data |d(xy)= ‘Jl:z-:“ 5=%) NN, - o
Neural network IS
classification %K
NN, | oo e
N 4 3
=4 .
‘ i o NN o

Figure 13. Three classification methods for inference.
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4.3. Fully Connected Network with Softmax

Afully connected network with a softmax layer (FCN-S) is designed as shown in
Figure 14. A softmax layer is added before the output. The softmax function is often used
in classification networks to scale the output satisfying the probability rule with the sum
equaling to 1. In this study, two hidden layers are designed, and the softmax operator
(Equation (16)) is added after the output of the second hidden layer. The function of softmax
in this network is to scale the influence of hidden neurons by exponent arithmetic. The
neuron with a larger weight will be enlarged after softmax operator. The neuron with a
lower weight will be suppressed after softmax operator. Through this process, irrelevant
weight is minimized from hidden neurons while useful weight is retained to make a greater
contribution on output.

H=Wx+b

g =softmax(H) g; = 5{%%

(16)

where W is the weights of the neural network, x is the input, b is the bias,  is the output of
the second hidden layer, and exp is the exponential function.

ReLU Softmax

QOOOO
©

256 256

Figure 14. The architecture of a fully connected network with softmax layer.

4.4. Fully Connected Network with Residual Block

A fully connected network with a residual block (FCN-RB) is designed as shown in
Figure 15. Analysis of FCN and FCN-C results indicates that large errors predominantly
occur in the blade tip region, characterized by low velocity magnitudes and steep gradi-
ents. Therefore, these samples have a slight effect on backpropagation to update weights,
especially in the earlier layers. The residual block (Equation (17)) is added to the FCN-C
architecture as shown in Figure 15. The FCN-RB retains the original fully connected layers
and adds a residual block to facilitate enough parameters and effective backpropagation.

y=0c(Wx+x) (17)

where ¢ is the activation function, and x is the input of the neural network.
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------------------------------ Outputs

Linear
Layer

/

Figure 15. The architecture of a fully connected network with a residual block.

5. Results and Discussion of the Advanced Neural Network

The predictive results of pre-training and fine-tuning networks based on error classi-
fication with training data classification (PFNEC-TDC), Euclidean distance classification
(PENEC-EDC), and neural network classification (PFNEC-NNC) are shown in Figure 16.
The results of FCN-S and FCN-RB are shown in Figure 17. Compared with FCN and FCN-C,
the PENEC improves a lot in prediction accuracy. As for the three classification models of
PENEC, EDC performs the best and achieves credible prediction accuracy for both external
conditions. The NNC has a large deviation for high velocity performance, as shown in
Figure 16. As for EDC, the classification is conducted based on Euclidean distance, and
this mathematical information restricts the classification deviation on validation samples
within a reasonable range. The classification of NNC is unrestricted mathematically. The
prediction results of FCN-S and FCN-RB are slightly better than PENEC for both exter-
nal conditions, as shown in Figure 17. The FCN-S performs the best for prediction of
(A, Up) = (7.3, 11.5) with R? = 0.9921 and 98.27% of the n = 76,230 data points have relative
error within 10% (—10% < ¢ < 10%) and 92.36% the of n = 76,230 data points have relative
error within 5% (—5% < § < 5%). The FCN-RB performs the best for prediction of (A,
Up) = (4.0, 8.5) with R? = 0.9891 and 99.69% the of n = 76,230 data points have relative
error within 10% (—10% < ¢ < 10%) and 96.26% the of n = 76,230 data points have relative
error within 5% (—5% < 6 < 5%). The prediction results of PENEC-EDC are close to the
results of the optimal model. All models show good performance for the prediction of
wind turbine wake flow, and note that the initialization of the neural network model during
training has a non-negligible effect on prediction accuracy. Overall, the operating condition
(A, Up) = (4.0, 8.5) is easier to learn and to infer than the (A, Uy) = (7.3, 11.5) condition.

The contour of different models and their distribution of relative error are shown in
Figures 18 and 19. It can be found that the high error region is mainly distributed around
the blade tip region for the (A, Up) = (7.3, 11.5) condition and around the nacelle wake region
for the (A, Up) = (4.0, 8.5). The reason is that higher TSR induces larger velocity gradients
near the blade tip region, and it is difficult to capture this feature. When compared with
CFD results, the models achieve acceptable accuracy. As analyzed in previous analysis,
the FCN-RB performs the best for (A, Up) = (4.0, 8.5) condition, and FCN-S results perform
best for (A, Up) = (7.3, 11.5) condition. PENEC-EDC also has reliable performance for the
prediction of both external conditions.

MSE = — Zh/z yil? (18)
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Figure 16. The distribution of mean velocity Umean regressed by PENEC-TDC, PENEC-EDC, and
PFNEC-NNC against CFD simulation results.
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Figure 17. The distribution of mean velocity Umean regressed by FCN-S and FCN-RB against CFD

simulation results.
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Figure 18. The comparison of PFNEC-TDC, PENEC-EDC, and PENEC-NNC with CFD simulation
results of mean velocity Umean on the XY plane.

https://doi.org/10.3390/en19051385


https://doi.org/10.3390/en19051385

Energies 2026, 19, 1385

19 of 26

FCN-S (7.3, 11.5)

0 25
x/D

5

7.5

FCN-RB (7.3, 11.5)

10

FCN-S (4.0, 8.5)

2.5 5 7.5 10
x/D
FCN-S § (4.0, 8.5)
0 2:5 5 7.5 10
x/D

FCN-RB (4.0, 8.5)

9.5

6.0
3.0

10.0

0.0

—-10.0

x/D

FCN-RB § (7.3, 11.5)

0 25
x/D

5

75

10

x/D

2.5 5
x/D

75 10

10.0

0.0

—10.0

Figure 19. The comparison of FCN-S and FCN-RB with the CFD simulation results of mean velocity

Umean on the XY plane.

Six evaluation parameters are used to estimate the performance of different models.

They include the coefficient of determination R? (Equation (13)), mean squared error (MSE)
in Equation (18), mean absolute error (MAE) in Equation (19), mean absolute percentage
error (MAPE) in Equation (20), symmetric mean absolute percentage error (sSMAPE) in

Equation (21), Percentage of Accuracy-Precision (PAP) [36] in Equation (22). The results of

different models across six evaluation parameters are shown in Table 2. It is also evident
that the FCN-RB performs best for the (A, Up) = (4.0, 8.5) condition, and the performance of
FCN-S is the best for the (A, Up) = (7.3, 11.5) condition. The results of PENEC-EDC are also
acceptable and reliable.

Table 2. Performance comparison of different models.

Condition

Model

MSE

MAE

MAPE

sMAPE

RZ

PAP

(4.0, 8.5)

FCN
FCN-C
PENEC-TDC
PENEC-EDC
PFNEC-NNC
FCN-S
FCN-RB

0.0914
0.0871
0.0468
0.0461
0.0553
0.0261
0.0200

0.2096
0.1988
0.1493
0.1494
0.1558
0.1076
0.0959

3.1233
3.0489
2.1437
2.1471
2.2598
1.6409
1.4041

3.2213
3.1216
2.1771
2.1845
2.3122
1.6462
1.4137

0.9505
0.9528
0.9746
0.9750
0.9700
0.9859
0.9891

96.8767
96.9511
97.8563
97.8529
97.7402
98.3591
98.5959
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Table 2. Cont.
Condition Model MSE MAE MAPE sMAPE R? PAP
FCN 0.2879 0.3263 4.1991 4.0999 0.9541 95.8009
FCN-C 0.1556 0.2529 3.3589 3.2704 0.9752 96.6411
PENEC-TDC 0.2983 0.2363 3.0491 3.2496 0.9525 96.9509
(7.3,11.5) PENEC-EDC 0.0932 0.1950 2.4625 2.4193 0.9851 97.5375
PENEC-NNC 0.3244 0.2451 2.8887 2.8938 0.9483 97.1113
FCN-S 0.0495 0.1465 1.8542 1.8573 0.9921 98.1458
FCN-RB 0.0680 0.1768 2.3414 2.2746 0.9892 97.6586

6. Generalization of the Advanced Model with the
Cross-Construction Method

The effectiveness of the cross-construction method has been validated by the performance
of different neural networks in the previous section. It is necessary to estimate the performance
of neural networks for wake prediction on extreme operating conditions and to test whether
the present dataset can train a neural network that has the ability to predict wake flow under
extreme operating conditions. Therefore, two conditions of (I (A, Up) = (3.0, 6.0) and IV (A,
Up) = (10.2, 14.5)) located on the boundary of the dataset were selected to test the neural
network trained on the present dataset, as shown in Figure 20.
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Figure 20. The distribution of validation data points in the cross-constructed dataset.

As concluded in the previous section, the FCN-S and FCN-RB perform the best for the
wake prediction of Cases I and II. The predictions of the FCN-S and FCN-RB trained on
the cross-construction dataset under validation Cases III and IV are shown in Figure 21.
It is obvious that the large deviations are observed in the predictions for Cases IIl and IV
compared with Cases I and II. As for the FCN-5 model, the coefficient of determination
R? =0.4974 for case III (A, Up) = (3.0, 6.0) and R? = 0.7034 on IV (A, Up) = (10.2, 14.5)
condition. The FCN-RB had the results of the coefficient of determination, R? = 0.7143 on
III (A, Up) = (3.0, 6.0) condition and R? = 0.8448 on IV (A, Up) = (10.2, 14.5) condition. It is
necessary to improve the prediction accuracy on extreme operating conditions while still
retaining low computational cost.
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Figure 21. The distribution of mean velocity Umean regressed by FCN-S and FCN-RB against CFD
simulation results by the original dataset under IIl and IV conditions.

The flow features under extreme operating conditions should be included in the

dataset to make the neural network learn these features. Four conditions located on the
boundary of the dataset were added in modified cross-construction dataset, as shown in
Figure 22. The four cases were marked with blue data points in Figure 22. The FCN-S and
FCN-RB were retrained on a modified cross-construction dataset using the same initializa-
tion parameters. After training for 500 epochs, the prediction results under Cases IIl and IV

are shown in Figure 23.

Figure 23 gives the scatter plot of prediction results compared with CFD results. It is
obvious that the deviation decreases compared with the prediction results trained on the
original dataset (as shown in Figure 8). The coefficient of determination is R? = 0.9545 for the
FCN-S under case III (A, Up) = (3.0, 6.0) and R? = 0.8947 under case IV (A, Up) = (10.2, 14.5).
The FCN-RB exhibits a further improvement in accuracy compared with the FCN-S, with
R? =0.9777 for case Il (), Up) = (3.0, 6.0) and R? = 0.9793 for case IV (A, Up) = (10.2, 14.5).
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Figure 22. The distribution of data points in the modified dataset.
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Figure 23. The distribution of mean velocity Umean regressed by FCN-S and FCN-RB by the modified
dataset against CFD simulation results under IIT and IV conditions.
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By analyzing the characteristics of wind turbine wake and the distribution of predictive
error, it is obvious that large errors occur near the blade tip wake region. At the blade tips,
large velocity gradients occur, and blade tip vortices are induced so that the neural network
cannot capture the gradient variation characteristics in this area. In order to enable the
neural network to learn the complicated data containing multiple frequency components, a
two-dimensional Fourier feature embedding was emploied [26]. The Fourier embedding is
introduced as Equation (23):

sin(27x), cos(27x), ..., sin(2i_17'cx), cos (Zi_l nx),

) : 2
sin(27ty), cos(27ty), ..., sin (271 ty), cos (211 ry) @)

Y(x,y) =

where 7 is the Fourier operator, x and y are coordinate values.
Considering that the gradient in the y direction is larger than in the x direction, a
higher embedding should be applied to y. Therefore, the i and j are set as:

i=1,2,3,4,5

24
j=1,23,45,6,7,8,9,10 @4

After Fourier embedding, the input features are extended to [y(x, v), x, y, A, Up].
The FCN-S with Fourier embedding (FCN-S-F) and FCN-RB with Fourier embedding
(FCN-RB-F) were conducted with the original dataset and the modified cross-construction
dataset. The prediction results trained on the original dataset (in Figure 8) are summarized
in Table 3. The modified cross-construction dataset is summarized in Table 4.

Table 3. Performance comparison of different models with the original dataset.

Condition Model MSE MAE MAPE sMAPE R? PAP
FCN-S 0.2302 0.4342 7.8150 7.6154 0.4974 92.1850
FCN-RB 0.1309 0.2842 5.3668 5.2026 0.7143 94.6332
(30,600 peNsF 0.0799 0.1744 3.6230 3.4378 0.8256 96.3770
FCN-RB-F 0.0585 0.1610 3.2685 3.1321 0.8723 96.7315
FCN-S 3.5460 1.1933 29.9165 12.4185 0.7034 70.0835
FCN-RB 1.8557 0.8942 22.5147 9.9283 0.8448 77.4853
(102,14.5) FCN-S-F 1.8426 0.9375 16.2334 9.5502 0.8459 83.7666
FCN-RB-F 2.7017 1.1286 26.3549 11.2388 0.7740 73.6451

Table 4. Performance comparison of different models with a modified dataset.

Condition Model MSE MAE MAPE sMAPE R? PAP
FCN-S 0.0209 0.1277 2.2970 2.2717 0.9545 97.7030
FCN-RB 0.0102 0.0699 1.3423 1.3402 0.9777 98.6577
(3.0,6.0) FCN-S-F 0.0028 0.0399 0.7546 0.7506 0.9939 99.2454
FCN-RB-F 0.0030 0.0418 0.7936 0.7927 0.9933 99.2064
FCN-S 1.2589 0.7698 12.8586 9.7683 0.8947 87.1414
FCN-RB 0.2479 0.3582 4.4042 4.0426 0.9793 95.5958
(102,14.5) FCN-S-F 0.1364 0.2402 2.6837 2.8291 0.9886 97.3163
FCN-RB-F 0.1888 0.2815 8.1298 3.6193 0.9842 91.8702
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The results of FCN-S-F and FCN-RB-F in Tables 3 and 4 were obtained with different ini-
tialization schemes. It is evident in Table 3 that the prediction accuracy of FCN-S and FCN-
RB was improved by employing Fourier embedding. This demonstrates that the Fourier
embedding can enhance the generalization capacity of FCN-S and FCN-RB. Compared with
the accuracy of FCN-S and FCN-RB for I (A, Uyp) = (4.0, 8.5) and II (A, Up) = (7.3, 11.5), the
accuracy of FCN-S-F and FCN-RB-F for III (A, Uyp) = (3.0, 6.0) and IV (A, Up) = (10.2, 14.5)
conditions remains relatively low. The results trained by the modified dataset of differ-
ent neural networks are summarized in Table 4. Different networks were trained more
effectively on the modified cross-construction dataset than on the original dataset. The
FCN-RB performed better than the FCN-S in the prediction of extreme operating conditions.
Therefore, the cross-construction method for dataset establishment is effective, and only
sparse extreme operating conditions added in the cross-construction dataset can signifi-
cantly enhance the model’s generalization capability and its predictive performance under
extreme operating conditions.

7. Conclusions

A cross-construction method was proposed to establish a sparse dataset for wind
turbine wake, and the neural networks trained on this dataset achieved high accuracy and
fidelity. The neural network models were designed in this study to make predictions of
wind turbine wake with a cross-construction dataset. Some neural models were designed
to improve the prediction accuracy of the wake flow field. The main conclusions are
summarized as follows:

This study proposed a cross-construction method to generate a sparse yet represen-
tative CFD dataset for wind turbine wakes. The cross-construction method can build a
sparse wind turbine wake dataset at a low cost, and the trained neural network has high
prediction accuracy. The FCN-C predicted wake fields with the accuracy of R? = 0.9528,
RMSE = 0.2952 under (A, Up) = (4.0, 8.5) condition and R? = 0.9752, RMSE = 0.3945 under
the condition (A, Uy) = (7.3, 11.5).

A pre-training and fine-tuning network based on error classification using three
classification models was designed. The PFNEC improves the prediction accuracy for
the wake flow field. PENEC-EDC performed better than the other two models. PENEC-
EDC had the coefficient of determination R? = 0.9750 for (A, Up) = (4.0, 8.5) condition and
R? =0.9851 for (A, Up) = (7.3, 11.5).

Two models, FCN-S and FCN-RB, were developed and showed the best performance
for the prediction of external conditions. The Fourier embedding can improve the predictive
accuracy from R? = 0.7143 to R? = 0.8723 under (A, Up) = (3.0, 6.0) conditions and enhance
the generalization capacity of neural networks. As for extreme operating conditions,
adding four samples in the original dataset can improve the accuracy of extreme operating
conditions from R? = 0.9545 to R? = 0.9939 under (A, Up) = (3.0, 6.0) condition and from
R? = 0.8947 to R? = 0.9886 under (A, Up) = (10.2, 14.5) condition.

Limitations of this study should be noted. The cross-construction method was pro-
posed and verified on a two-parameter space (TSR and inflow velocity), and its scalability to
higher-dimensional conditions remains to be explored further. It is worthwhile to validate
this method in a multi-parameter space.
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