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Using the random forest (RF) algorithm, this study presented a key parameter to characterize the mean
wake of H-rotor VAWTs while modelling the wake. First, the RF algorithm was used to establish the
regression relationship between the average wake velocity distribution and the rotor features. Next, the
feature crosses method was combined with the RF algorithm to analyze the interaction and importance
of the inputs. It was found that the normalized importance of a synthetic feature in wake modelling
occupied a considerable significance, reaching 0.884 out of 1. The RF wake model with this parameter as
the only input feature could successfully reconstruct the wake. It was found that this feature may reflect
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VeJ;tical axis wind turbine the ability of incident wind passing through the operating rotor and played a decisive role in the wake
Wake model velocity distribution, including initial velocity deficit and wake recovery rate. The universality of this

parameter was proved through cases analysis of wind turbines under different sizes and operating
conditions. The study of the wake field is important for the modelling of the H-rotor VAWT wake field,
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and hence affects the optimal configuration of the wind farm.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

With the progress of science and technology and the reduction
of development costs, the share of renewable energy in global
energy supply is increasing [1]. According to International Energy
Agency [2], wind energy accounts for a considerable proportion of
this growth, and the absolute generation of wind power is expected
to increase the most among all renewable energy sources. More
large-scale wind turbines are installed in clusters in different lay-
outs to form wind farms, especially in places with rich wind re-
sources such as offshore areas [3]. In this development trend,
VAWTSs show great advantages compared with horizontal axis wind
turbines (HAWTS) since they do not require yawing [4], are easy to
upscale, and have the ability to improve the efficiency of power
generation when closely arranged [5]. Among VAWTs, the H-rotor
VAWTs are more potential due to their high power generation
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efficiency and simple structure [4].

For large-scale wind farms, the mutual interaction between
wind turbines through wake becomes the key factor limiting the
overall generation efficiency of wind farms [6]. The wake of wind
turbine is characterized by higher turbulence levels and a large
velocity deficit, especially when compared with the free stream
wind [7]. Higher turbulence increases structural fatigue and
extreme loads of turbines [8], while velocity deficits will result in a
significant reduction in power generation for the downstream
turbines, and the power losses can easily reach 40% under the full-
wake conditions [9]. To minimize such losses, the layout of wind
farm needs to be adjusted continuously during design, which re-
quires rapid calculation of power efficiency. In practice, the effi-
ciency is often calculated by superimposing the wake speed defects
of a single wind turbine [10]. Therefore, studying the wake of a
single wind turbine is the beginning of wind farm layout
optimization.

According to the distance from the wind turbine, the wake can
be divided into near wake region (2—4 rotor diameters) and far
wake region (>4 rotor diameters). The flow distribution of the near
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wake is highly complex and heterogeneous [11], while the far wake
region has more general characteristics (e.g., average flow distri-
bution [12]), since the effect of the detailed features of the rotor on
the flow field is gradually reduced. In wind farms, the space each
turbine is usually greater than 4 rotor diameters [13], which means
the downstream wind turbines usually operate in the far wake
region of the upstream turbines. Therefore, studying the average
flow distribution of the far wake area is essential to predict and
improve the long-term output power of wind farms.

Considerable research efforts have been devoted to the experi-
mental, analytical and numerical studies of the wake of VAWTs.
Herein, only the studies of the wake of the H-rotor VAWTs are
considered. In recent years, scholars have focused on the mea-
surement of near wake [14—17] and far wake [18—21] of H-rotor
VAWTs. And some analytical models have been created to attempt
to describe the wake characteristics of VAWTSs, especially the mean
velocity distribution [22,23]. These analytical models greatly
reduce the complexity of wake prediction, but were not completely
accurate. The types of numerical simulation used until now can be
divided into two categories according to the different treatment of
the rotor. Option (1) is modeling and meshing, a technique directly
based on the geometry of the blade [24—26]. The actuator line
technique (2) can be applied when the line carrying the body force
is used to replace the real geometry of the rotor [28—30]. Method
(1) can provide various detailed characteristics of the rotor and
wake, but its computational cost is high. Since a wind farm usually
contains many turbines, its optimal design is often a process of
continuous iteration, which makes numerical simulation calcula-
tions too expensive.

In recent years, machine learning (ML), as a relatively new
method, has been widely used in the research of VAWTs. Scholars in
the field have applied the method to create new wind turbine
prototypes [31,32], monitor the working state [33] and predict the
performance of wind turbines [34—37]. In these studies, algorithms
such as artificial neural networks (ANN) and RF have achieved very
good results and could quick and accurately model any nonlinear
relationship between input-output variables. This lays a foundation
for the study of wake flow, since the velocity distribution of the
wake flow is also a nonlinear function of the features of the turbine
and its environmental features [12], including blade tip speed ratio
and wind speed. There have been works available on ML modelling
of HAWT wakes [38—41]. Ti et al. [41], by a simple single-layer ANN
mapped the wind speed and turbulence intensity of the incoming
wind to the velocity field and turbulence field of HAWT wake.
However, unlike the HAWT's wake field which is more sensitive to
the inlet wind, the wake of VAWT is expected to be highly
dependent on the geometric and kinetic characteristics of the tur-
bine [42]. As for the modelling of the wake field of H-rotor VAWTs
using ML method, no relevant research has been found.

Wind farms should be properly arranged in layout to minimize
the impact of wake on downstream wind turbines, which requires a
good understanding of the effects of different characteristics of
wind turbines on wake. The discovery of some simple laws and key
parameters can greatly simplify the optimization process, which
can be achieved through ML model interpretation [43]. By
explaining the relationship between model variables and outputs,
it is possible to explore the scientific principles contained in the
“black box” model and make it more applicable, going beyond the
limits of the training data set. However, the interpretation of ML
models is a very complex and understudied area, and trying to
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recognize the interaction and importance of input features is a good
step towards decoding the global interpretation of the model [44].
This study makes an attempt to identify potential feature in-
teractions to sort out features that may be important in the model's
decision strategy.

To summarize, previous methods for predicting the wake of
VAWTs had their inherent drawbacks. Analytical models were
timesaving, but not completely accurate, while numerical simula-
tions were computationally too expensive to be applied in engi-
neering. The ML method used in this article can fill this gap with the
support of a certain amount of accurate data, ensuring both accu-
racy and low computational cost. In this paper, the RF algorithm is
used to predict the isolated H-rotor VAWT wake field. The method
was chosen because of its strong regression ability and also because
of its capability to assess the importance of input features [45],
which provides a way to figure out the ways the turbine features
can affect the wake [46]. Combined with the feature crosses
method, the decisive parameter of wake flow was successfully
found and its physical significance was analyzed through a case
study. In addition, the case study also proved that the parameter is
generalizable, so it could be used in wind farm optimization and in
the establishment of a new analytical wake model.

The research process of this paper is shown in Fig. 1, and the
paper is organized as follows: Section 2 describes the numerical
examples of VAWTSs wake, which are performed to provide data for
subsequent RF model training. In Section 3, the method of estab-
lishing the wake prediction model of H-rotor VAWTs based on RF is
described. Besides, combining feature crosses and feature impor-
tance analysis, a simple framework for exploring feature interaction
is proposed. In section 4, a RF wake model is constructed, and the
validity of the model is proved by comparing with the CFD results.
In section 5, the key feature is obtained, and its physical meaning is
explained and its influence on wake field is analyzed using statis-
tical data. Then, case studies of wind turbines under different ge-
ometries and operating conditions proved the universality of this
parameter. Section 6 concludes the paper.

2. Data source
2.1. Data origin

The dataset required for RF model training is obtained from the
resources provided by Tingey and Ning [27]. They studied the de-
tails of the numerical calculations thoroughly and made the
computational models open source for future research. The two-
dimensional Reynolds-average Navier-Stokes equations are used
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Fig. 1. Flow chart of the research on the H-rotor VAWTs mean wake.

Section §

RFmodel || || Extraction of
Validation key parameter

Analysis of the

Training RF
key parameter

wake model




Z. Dong, Y. Chen, D. Zhou et al.

to simulate the flow field of the H-rotor VAWT, since the energy
exchange process in the wake of H-rotor VAWT basically occurs in
the horizontal plane perpendicular to the axis of rotation [48]. This
was also based on a review of the relevant literature [24,25,49,50],
which shows that well established 2D models are sufficient to
reveal majority of the flow physics surrounding VAWT, such as
dynamic stall and wake effects, especially for turbines with high
blade aspect ratios [51]. Trial calculations were performed using a
full three-dimensional model, but due to its immense calculation
time requirements and the huge number of examples required, it is
impractical for present research.

The specific geometry and boundary conditions of the calcula-
tion model are shown in Table 1. The numerical simulation model in
this paper is based on a 12 kW H-rotor vertical axis wind turbine
designed by Uppsala University [47], and considering its rated wind
speed of 12 m/s, an inlet wind speed range of 12—16 m/s was
chosen for the experimental design. The selected inlet conditions,
including the inlet wind speed as well as the turbulence intensity,
are within the operating range of the referenced VAWT and have
been studied in the relevant literature [50]. All the model settings,
meshing and experimental validation are described in detail in the
reference [52]. To ensure the reliability of the CFD calculation re-
sults, verification and validation of the CFD model need to be
conducted before the numerical simulation.

2.2. Validation study

For the verification, a study on the convergence of the grid was
conducted in the paper [52]. By reducing the basic unit of the CFD
model by 1.4 times each time, 6 models with different grid sizes
were calculated, and the number of units contained increased from
about 400,000 units to 5 million units. By comparing the variations
of turbine power generation efficiency with the number of grids, a
suitable grid size is selected. To further quantitatively prove the
independence of the grid, the general Richardson extrapolation
[53] and the calculation of the grid convergence index (GCI) [54] are
conducted in this paper, and the results are shown in Table 2. The
convergence ratio (R) calculated by general Richardson's extrapo-
lation method is 0.75, which is between 0 and 1, indicating that the
convergence of the grid is monotonic. The GCI calculation shows
that GCl3 ; (1.93%) is larger than GCl;  (0.19%), illustrating that the
solution is convergent. The value of the asymptotic range « is close
to 1, indicating that the mesh has reached the range of asymptotic
convergence.

Then, two sets of independent validations were performed
where the CFD results were compared with the experimental data
of Castelli et al. [55] and Tescione et al. [15] on power coefficients Cp
and wake velocity distributions, respectively.

For power coefficient, since there is no relevant validation in
Ref. [52], we performed additional calculations and compared the
current results for Cp with experimental data [55] and three-

Table 1

Geometry and boundary condition settings of numerical examples.
Setting Value Boundary Setting
Blade section NACA 0021 Inlet Velocity Inlet
Blade chord [0.15—1.0] m Outlet Pressure Outlet
Diameter of turbine 6m Side Velocity Inlet
Diameter of strut 0.125m Interface Internal interface
Inlet wind speed [12—-16,0] m/s Blade No slip wall
Turbulence Intensity 15% Strut No slip wall

Energy 239 (2022) 122456

Table 2
Grid convergence calculation using General Richardson extrapolation and GCI
method.

N;(million) Cp GCli 1 1(%) R o
fine 1.42 0.438 0.19 0.75 0.99
medium 0.63 0.432 1.93 -
coarse 0.48 0.424 — —
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Fig. 2. Comparison of the current results with experimental and numerical data
[55,56].

dimensional CFD validation data obtained by Su et al. [56], as
shown in Fig. 2. It can be seen that the 2D numerical results have
some error compared with the 3D model, but they still reflect the
trend of the power coefficient with tip speed ratio very well. The 2D
numerical results generally overestimate Cp of VAWTSs, which is
consistent with the description in Ref. [25], probably because the
blade length and tower height are infinite in the 2D model,
resulting in an overestimation of the blocking ratio and thus
making the true inlet velocity larger than the defined value. In
general, the numerical simulation applied in this paper can be used
as a reliable simulation method in subsequent studies.

For wake velocity distributions, the numerical model is vali-
dated by comparing the wake velocity calculated by the CFD model
with the experimental results. Based on the above meshing rules
and model settings, the validation example in paper [52] was
recalculated and compared with the results of the wind tunnel test
[15]. As shown in Fig. 3, the speed values at 1D (diameter of rotor)
and 1.75D behind the wind turbine are selected for comparison.
There is a certain difference between the calculated minimum
speed value and the experimental value by CFD, and the asymmetry
of the speed distribution is not well predicted. These errors can be
caused by using a 2D model for simplification in calculations [25].
However, in general the velocity values obtained from CFD calcu-
lations agree well with the experimental values, giving enough
confidence in the results.
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Fig. 3. The comparison between the wake velocity calculated by CFD and the exper-
imental results [15].
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2.3. Parameters’ design for CFD cases

To ensure the validity of the flow field analysis, it is necessary to
carefully select the input characteristics and their range of varia-
tion. Three dimensionless parameters were selected as the vari-
ables of the experimental design, namely tip speed ratio (TSR),
solidity (¢) and Reynolds number (Re). They respectively represent
geometrical characteristics, motion settings and the incident ve-
locity of the VAWT system. They are defined by:

wR

TSR:U— (1)
Nc

=% (2)

Re:pU;D (3)

where w is the rotation speed, R is the rotor radius, Uy, is the inlet
wind speed, N is the number of blades, c is the blade chord length, p
is the air density and u is viscosity coefficient. They all have a sig-
nificant impact on the power of the wind turbine, and therefore
significantly affect the wake.

Combined with the actual operation of the wind turbine, the
CFD simulations are performed at 23 TSRs (from 1.5 to 7.0), 5 so-
lidities (from 0.15 to 1.0), and 4 Reynolds numbers (from 4.8 to 6.4
million), for a total of 460 simulations (shown in Fig. 4). In the
simulation, the values of three dimensionless parameters are
controlled by determining the chord length of the blade (c), the
rotation speed (w) and the wind speed of the inlet wind (Uy).
Although it is possible that the power is less than 0 under some of
the parameters, which is impractical in actual engineering, these
parameters are deliberately selected to make the research scope
wider and more comprehensive, and easier to find the law of wake.

2.4. Dataset preparation

Before model training, the input and output variables should be
determined first, and then the data should be extracted and
transformed into a form that the model can understand. For the
layout of the wind field, more attention is paid to the steady
characteristics of the wake, so the wind speed mentioned later in
the paper is all the time average of the streamwise component of
velocity, denoted as U. To further improve the adaptability of the
model, a more generalized variable is adopted in this paper, i.e.
normalized velocity U/U,. As for the input features, when

Reynolds number (million): = 4.8 " 56 = 6.0 6.4
1.00] rEFFFPFEFREFEETRERFFEERPFRERE

o
3
3]

Solidity
o
3]

0.25
0.15]

4 5 6 7
Tip speed ratio

Fig. 4. The design of three parameters TSR, solidity and Re in the numerical
experiment.
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establishing the RF mean wake model and verifying its accuracy,
three dimensionless parameters TSR, ¢ and Re were used. Since
they not only reflect the main influencing factors, but also enhance
the applicability of the model due to their dimensionless charac-
teristics. Therefore, the RF-based H-rotor VAWT wake prediction
model can be expressed as:

Ui _ f(Re, TSR, o) (4)

The streamwise velocity of the wake in the inner domain is
extracted from the calculation results of the numerical experiment
as the output of the model training. When determining the scope of
the inner domain, it should be ensured that its width is sufficient to
cover the entire wake structure, and the wake speed has been
recovered to a large extent within the length of the domain. If the
internal domain is too large, it will contain too much wind field
data from the surrounding environment that is not affected by the
wind machine, which will not only increase the difficulty of
training the ML model, but also affect its accuracy. Combined with
the size of the numerical simulation model, the final size of the
inner domain is 5D x 35D (30m x210m) after several attempts. In
some simulation results, the wake has not been fully developed,
which is mainly caused by the diversity of input rotor parameters.
But within the range of 35D, the wake has recovered to a consid-
erable extent, and will not affect the research results, because our
research is not based on a fully recovered wake.

A velocity value is extracted every 0.5 m in both the lateral and
flow directions, that is, a matrix V of 61 x 421 is generated for each
sample. Since the RF algorithm requires the output variable to be a
one-dimensional matrix, the original data matrix V is reshaped
from 61 x 421 to a 1 x 25681 data array. So, each sample D in the
database can be represented as:

D= [Re, TSR, 7; V] (5)

Although RF can use the out-of-bag error to measure its per-
formance, to better demonstrate its generalization performance, a
small number of samples (23 samples) are randomly selected as the
test set.

3. Methodology
3.1. Description of RF wake model

RF is a kind of ensembled algorithm proposed by Breiman [45],
which can be used for regression and classification. Since the pur-
pose of this paper is to reconstruct the flow field, attention is
focused on the RF regression.

RF regression is composed of regression trees, which include
root nodes, internal nodes and leaf nodes. The regression tree al-
gorithm mainly includes two parts: (1) Tree generation. The root
node contains all samples of the original data set D. Starting from
the root node, each value of each feature is traversed. The value is
used to split the original data set D into two sets: left set (sample
of < value) and right (sample of >value), each set is called an in-
ternal node. Calculate the difference between the predicted value
and the true value in the two sets (generally using the mean square
error), and find the value that minimizes the sum of the error values
of both the left and right sets. In this case, the feature and value are
the best segmentation features and the best segmentation values.
Repeat the above steps for the left and right subsets until the
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termination condition is reached, and the last set that does not split
is called the leaf nodes. (2) Pruning. Some subtrees are cut off from
the bottom of the generated regression tree to make the regression
tree smaller, to improve the generalization of the model and make a
more accurate prediction of the unknown data.

RF aggregates a group of unrelated regression trees, and the final
output of the model is determined by each tree in the forest. The
regression tree algorithm is relatively simple, but its prediction
accuracy is low and unstable, and the small disturbance of the
sample will cause a large change in the structure of the tree. These
drawbacks can be improved by ensemble methods, so RF Algorithm
came into being. These random trees are similar to the regression
trees introduced above, but there are two key differences, leading
to improve algorithm's performance while reducing the amount of
calculation, as sketched in Fig. 5. First, samples and features were
randomly sampled before each tree training, and second, the
pruning process was eliminated.

RF can conveniently give the importance of the input features,
which is of great help to the understanding of VAWT wake. For each
regression tree, the corresponding out-of-bag (OOB, the samples
which did not appear in the bootstrap sample used to establish the
decision tree) data is selected to calculate the error. Then noise
interference is randomly added to a feature X of all OOB samples,
and the out-of-bag data error is calculated again. If the accuracy of
the OOB data drops significantly, it indicates that this feature has a
great impact on the prediction results of the sample, that is, the
importance of this feature is relatively high.

3.2. Feature crosses

Feature crosses refers to learning the cross combination of two
or more original features, which is helpful to express the nonlinear
relationship between output and input, and the combination form
includes addition, subtraction, multiplication, division, power,
logarithm, etc. Therefore, the use of feature crosses when using
extended linear models is an effective method for training large-
scale data sets. In this paper, feature crosses is selected, combined
with the importance analysis of RF, to show the nonlinear rela-
tionship of the features learned by RF.
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The form of feature crosses is diverse and cannot be exhausted
in the research process. Inspired by the dimensionless numbers
(TSR, a, Re etc.) in wind turbine research, the expression (6) is
selected to construct the features.

F=c*wfUsY (6)

where F is the synthetic feature, «, §, and v are all integers, and ¢, w
and U, are the original variables in the numerical experiment.
These three variables all have different dimensions, so operations
such as addition and subtraction are obviously not applicable, and
formula (6) is the best way to construct new features through them.
Given the diameter of the wind turbine, various parameters with
physical meaning can be constructed through the formula (6),
including Re (y = 1), TSR(B =1, y = — 1), 0 (@ = 1). And this is
also the reason why the basic features are selected instead of three
dimensionless numbers when constructing features.

To reduce the amount of calculation, further assumptions are
made on the parameters in the formula, that is «, §, and vy are all
integers. From the perspective of both dimensions and physical
meaning, this assumption is reasonable. Let S be the sum of the
absolute values of the exponents of the three fundamental quan-
tities, i.e.,

S=laf+ 8]+ vl (7

S represents the complexity of the synthetic features. And the
dimension of the new feature is:

L - [P [T = LA (8)

where L and T are the dimensions of length and time respectively.

In this paper, combining feature crosses with feature impor-
tance analysis of RF, an analysis process is proposed as shown in the
Fig. 6.

As can be seen from the Fig. 6, S is used as the control index to
carry out feature crosses. Given S «, B and vy that satisfy
la| 4+ |8 + |v| = S are assigned by traversal, and then new synthetic
features are created by using equation (6). It should be noted that if
(i, Bi,vi) = — (&, B;, 7)), only one of them will be retained. The
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Fig. 5. Schematic diagram of general program for generating average wake prediction model of RF.
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VAWT's wake Feature C:’OSfes
data F=c“0’U,
lof +18] +14]=5

Yes

Training the RF model

'

Feature importance
ranking

hether the importance of the first
feature continue to improve

| Output key features |

End

Fig. 6. Analysis flowchart of feature interaction and feature importance.

generated features are used to train the RF model, and the impor-
tance of these features is given and ranked in the process of real-
izing wake field regression Importance here is a measure of how
each input feature contributes to the prediction results of the
model, i.e., how a small change on a particular feature changes the
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predicted wake velocity value. At this point, this round of analysis is
completed and then the value of S is then increased to generate
more complex composite features, starting the next round of
analysis. If the importance of that first-ranked feature decreases as
S increases, it is considered that the key feature has been found and
the entire analysis process stops. That is, the importance peaks at
the key parameters found. More complex synthesis parameters
generated afterwards have instead a reduced influence on the re-
sults due to the presence of redundant information.

During each round of analysis, features of the same complexity
are compared together to avoid low-dimensional features being
masked by higher-dimensional features. The comparison of the
most important features at different complexity levels also facili-
tates the understanding of their physical meaning. The ultimate
goal is to identify potential feature interactions to understand
which features are important in the prediction process of the
model, and to discover the general laws of H-rotor VAWT wakes
while interpreting the model.

4. Training and validation of the RF mean wake model

The RF mean wake model is first trained. This is not only a new
H-rotor VAWT wake modeling method using ML, but also a vali-
dation for the subsequent extraction of key parameters, since the
model interpretation is based on the accuracy of the model.

4.1. Training and testing of RF model

In this paper, the number of samples and features of the data-
base in this article are not so big, the performance of RF model is
mainly controlled by two hyperparameters, the maximum depth
and the number of trees. The cross-validation method is used to
perform grid search on these two parameters. Fig. 7 presents the
variations of 10-fold mean squared error (MSE) of training set and
validation set with the number of trees and the maximum depth of

1 41e-3 Max depth =4 1.4le=8 Max depth =6
b= B A,
5 1.0 1.0
=
208 0.8
S
g 0.6 0.6
§ 0.4 0.4
= 02 7T Training o 0
—— Cross-validation
0 50 100 150 200 0 50 100 150 200
1 413 Max depth =8 141673 Max depth =10
= 1.2 1.2
£
51.0 1.0
=
£ 0.8 0.8
S
s 0.6 0.6
§04 04
N—
= 0.2 0.2
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Number of trees

Number of trees

Fig. 7. Variations of 10-fold mean squared error of training set and validation set with hyperparameters of RF.
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Fig. 8. Scatter plot of velocity U regressed by RF model against numerical experiment data in training set and test set.

trees for the dataset of wake velocity distribution. MSE is defined as

1 M
MSE = ; (Urans — Ure)? (9)

where M is the number of speed samples in each case, Uggys is the
velocity calculated by CFD and Ugf is the velocity predicted by RF
model.

When the maximum depth of the tree changes from 4 to 6, both
the training error and the validation error decrease significantly.
But when the value changes to 8, the training error becomes
smaller and the validation error remains basically unchanged.
When it is further increased to 10, the error of the validation set
does not decrease but increase, and obvious overfitting occurred. In
addition, MSE remains stable overall when the number of trees
exceeds 100. Therefore, for the data set in this article, the number of
trees in the RF and the maximum depth of the trees are set to 100
and 6 respectively.

To evaluate the performance of the trained RF model, the pre-
diction results of the RF were compared with the data measured
from the original numerical experiment. As mentioned above, 23
samples were randomly selected as test set to demonstrate the
prediction performance of RF model. Fig. 8 shows a scatter plot of
the velocity U of the training set and the test set predicted by the RF
model against the original numerical simulation data. It can be seen
that the correlation coefficient R of the training set and the test set
are both high, which shows that the training convergence and
generalization performance of the model are good, and the RF
model can well predict the wake of H-rotor VAWT.

4.2. Prediction of wake flow of H-rotor VAWTs using RF

To examine the VAWT wake prediction of RF model, contours of

the wake velocity distribution of three cases selected in the test set
was studied, i.e. Re = 4.8 x 105, ¢ = 1.0, TSR = 3.25; Re = 6.0 x
106, ¢ = 0.25, TSR = 4.25,Re =4.8 x 105, ¢ = 0.15, TSR = 1.75.
These three examples are representative because they are essen-
tially evenly distributed throughout the sample space. The relative
error between RF prediction and RANS simulation results is defined
as:

MX 100%
U

RANS

Error = (10)

The results of RF model and numerical simulation are shown

and compared in Fig. 9. The RF model can well predict the spatial
distribution of the mean velocity of H-rotor VAWT wake under
different inflow conditions. Most of the errors are concentrated in
the wake recovery area, where the velocity changes rapidly, making
the velocity distribution more complicated. The results show that
the RF model trained in this paper can accurately predict the
average velocity distribution of a single H-rotor VAWT wake.

5. Acquisition and analysis of the key parameter U, /Nwc
5.1. The extraction of the key parameter

This subsection demonstrated that a key parameter U,, /Nwc can
be extracted by the following analysis.

To explain the model and understand which features are
important in the prediction process, the key parameter is analyzed
using the framework shown in Fig. 6. Fig. 10 shows the ranking of
importance of features when S = 1,2,3,4. And when S = 2,3,4, only
the top six features are selected for display due to the excessive
number of synthetic features.

When S = 1, that is, when all input features are original features,
the importance of w and c is the highest, reaching 0.562 and 0.385,
respectively. However, U, plays a small role in the RF model. The
main reason is that during the regression process, U,, was used to
normalize the average velocity distribution of the wake, which
means that more attention was paid to the velocity distribution
mode of the wake region rather than the specific value. And the
range of U, is so small that the laws of motion of the fluid remain
basically the same within this order of magnitude, which also re-
sults in its low importance. This is good news for the study of the
wake flow of VAWTSs, because in practical engineering, the oper-
ating speed range of H-rotor VAWTS is not particularly wide. Even
for strong typhoons, the wind speed is usually around 50 m/s. Ac-
cording to the research, the change of the velocity distribution
mode is not particularly obvious, which can greatly simplify the
difficulty of the work in the wind farm layout.

When S = 2, the importance of the synthetic features is obvi-
ously differentiated, and the features obtained by simple multipli-
cation of w and c account for 0.852 importance, while other features
have little influence on the regression results. When S = 3, a feature
U /wc with more importance appears, reaching 0.884. It's obvious
that this feature is a perfect combination of the three original fea-
tures, simple and effective. With the further increase of the value of
S, the complexity of the synthetic features increases continuously,
but no features of higher importance appear. To better find out the
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Fig. 9. Comparison of average velocity distribution between RF model prediction and
RANS simulation under different feature sets.

most important features in wake prediction, Table 3 shows the
number of composite features, the accuracy of the model, the most
important feature and its importance ratio when S is from 1 to 7.

As can be seen from the MSE of the model, the model is accurate
enough that the analysis of feature importance can be trusted. And
obviously, the most important feature is Uy, /wc, which well shows
the interaction between the three original variables and plays a
crucial role in the wake prediction of H-rotor VAWTs.
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5.2. RF mean wake model prediction with Uy, /wc as the only input
feature

To prove the important role of the key parameters found in the
flow field, the RF model with it as the only input feature was
trained, that is, to establish the regression relationship shown in
Equation (11).

U Uy

0. (%) )

As shown in Fig. 11, two cases from the test set shown in Fig. 9
were again selected to compare the results calculated by the RF
model with key parameter as input feature and CFD. It can be seen
that the RF model can still reconstruct the wake field well.
Compared with Fig. 9, it can be found that the accuracy of this RF
model is slightly lower than that of the original RF model, but it
makes sense to sacrifice some accuracy for interpretability. The key
parameter U, /wc can indeed be a good summary of the influence
of the three parameters Re, TSR and ¢ on the wake field, which has a
decisive effect on the wake field.

Next, this key parameter was further analyzed from the physical
aspect.

5.3. The physical meaning of Uy, /wc

Through Equation (8), the dimension of this parameter can be
obtained as:

Lt ettt = et =1 (12)

So, this is a new dimensionless parameter. It can be found that:

-1
TSRxa:E—ix%:%—T:Nx(%) (13)

This new parameter is partially modified by adding the number
of blades N into the expression, i.e. wNc/Uy. This new parameter
can be explored qualitatively. To a greater extent, ¢ = Nc/R repre-
sents the static solidity, that is, the ability of the turbine to block the
wind in a static state. But in the operation process of the wind
turbine, if the rotation speed w is very large, even if ¢ is small, the
wind turbine will still have a significant blocking effect on the
incident wind, making it difficult for the incident wind to pass
through the wind turbine rotor. At this time, the turbine rotor be-
haves like a solid cylinder in the flow. Therefore, wNc combines the
motion characteristics and geometric characteristics of wind tur-
bines and is a concept of “dynamic solidity”, which coincides with
the viewpoint in Ref. [21]. Correspondingly, the inverse of wNc
measures to some extent the ability of the incident wind to pass
through the rotor of the wind turbine, which is also obviously
related to the velocity of the incident wind. The faster the incoming
wind travels, the easier it will pass through the rotor. Therefore, by
multiplying 1/wNc and U, this new parameter is obtained, which
measures the ability of the incident wind to pass through the
moving wind turbine rotor.

5.4. Effect of Uy, /Nwc on wake flow field behind wind turbines

As shown in the black line in Fig. 12, the velocity distribution
directly behind the wind turbine was subsequently extracted and
normalized it by the inlet wind velocity. Fig. 12 is a velocity
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Table 3
Running results of the framework when.S < 7
S Number of synthetic features MSE Most important feature Importance ratio
1 3 0.00064 © 0.562
2 9 0.00056 cw 0.852
3 19 0.00044 Upow1c! 0.884
4 33 0.00047 Us2w-1c1 0.423
5 51 0.00050 Upow2c2 0.669
6 73 0.00047 U222 0.649
7 99 0.00049 U3w-2c2 0.459

distribution diagram randomly selected from the database, and it
can be seen that the velocity distribution of the black line can
reflect the recovery of the wake to a large extent.

Fig. 13 plots the speed recovery of wind turbines under 20
different U, /Nwc, which basically cover the scope of U,/ Nwc
involved in this paper. It can be clearly seen that the velocity dis-
tribution mode behind the wind turbine presents obvious regu-
larity with the change of U, /Nwc. When U, /Nwc is large, the
velocity deficit behind the wind turbine is small, and the velocity
presents a flat distribution. Along the direction indicated by the
arrow, U, /Nwc gradually decreases, the ability of the wind to pass
through the wind machine is weakened, and the wind speed de-
creases seriously. With the decrease of U, /Nwc, the value of the
minimum speed behind the wind turbine also decreases, and the
position where it appears gradually moves forward and toward the
wind turbine. A surprising result is that the deficit of wake velocity
recovers more quickly as U, /Nwc decreases, as shown in Fig. 13 by a
steeper upward slope of the velocity curve. This may be related to
the way the energy enters the wake. When the wake velocity is low,
there is a bigger difference between the velocity of the wake and

that of the surrounding fluid, so more energy will be injected into
the wake of the wind turbine to make the velocity deficit recover
faster.

5.5. Effect of U, /Nwc on velocity deficit

Next, the relationship between the key parameter and the
minimum velocity value in the wake flow field of the wind turbine
is investigated. Fig. 14 and Fig. 15 respectively show the scatter plots
of the minimum velocity value and its position against Uy, /Nwc.

Fig. 14 (a) shows the scatter plot between the minimum velocity
value and the corresponding new parameter U, /Nwc for 460
calculation examples. It can be seen that there is a significant cor-
relation between them. Since U, /Nwc of the samples is mainly
distributed between 0 and 1, leading to the distribution of points is
unbalanced and the rule is not obvious. Therefore, taking the
reciprocal of U, /Nwc as the abscissa, Fig. 14 (b) can be obtained,
where the points are more evenly distributed. Combining the two
pictures, there is a clear correlation between the minimum speed
value after the wind turbine and U, /Nwc. As U, /Nwc increases, the
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Fig. 12. Schematic diagram of wind turbine wake velocity extraction. The black circle
indicates the location of the wind turbine, and the black line corresponds to the
location of speed extraction.

minimum speed value increases and gradually approaches the
speed of the incident wind. This also confirms the analysis of the
physical meaning of U, /Nwc. Similarly, the ordinates of Fig. 15 (a)
and (b) are the distance between the position where the minimum
speed occurs and the turbine, and the abscissas are U,/ Nwc and
Nwc/U,, respectively. Obviously, there is also a correlation between
the position of the minimum speed and the key parameters.

It can seen that the relationship between them can be roughly
divided into three segments by the blue and green lines in the
figure. In Fig. 14, when U, /Nwc is less than 0.45, using linear fitting,
the slope of the line obtained is about 0.90 and R? (coefficient of
determination) is 0.92. When U, /Nwc is between 0.45 and 2.66,
the slope of the line obtained by linear fitting is about 0.39, and R?
is 0.91. In Fig. 15, when U, /Nwc is small, the position where the
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Fig. 13. Recovery of wake velocity directly behind the wind turbine under different
Uy /Nwc. The p in the legend represents Uy, /Nwc, and the black arrow represents the
direction in which U /Nwc decreases.

minimum velocity appears has an approximate linear relationship
with Uy, /Nwc. As Uy, /Nwc increases, the line bifurcates, and the
location of the bifurcation is just near the blue line. When U, /Nwc
continues to increase and exceeds the position of the green line, the
velocity deficit behind the wind turbine is very small due to the
excessive wind passing capacity. It can be seen from Fig. 13 that the
velocity distribution at this time is very smooth, and the value and
position of the minimum velocity may have a large error when
extracting, which does not have much reference value. But there is
no doubt that with the increase of the passing ability of the wind,
the wake velocity gradually converges to the wind speed of the
incident wind.

5.6. Effect of Uy, /Nwc on velocity recovery

Finally, the impact of this parameter on the recovery speed of
the wake velocity deficit was analyzed. The distance from the wind
turbine where the wake velocity recovers to different degrees is
extracted, and the diameter of the wind turbine is used to
normalized it. Fig. 16 respectively shows the relationship between
the distance from the wind turbine and U, /Nwc when the wake
velocity recovers to 0.4, 0.5, 0.6 and 0.7 times the incident wind
velocity. Obviously, there is a strong correlation between the dis-
tance required for recovery and U, /Nwc, especially when the value
of U, /Nwc is small. The quadratic function was used to fit the
relationship between them, and the results were shown in Fig. 16.
The R? of the obtained results were all greater than 0.97. This law is
also applicable to other different recovery degrees. It can be seen
that U, /Nwc plays a decisive role in controlling the wake recovery
speed.

5.7. Case study on the generality of Uy, /Nwc

To examine the generality of this key parameter on H-rotor
VAWTS’ mean wake analysis, the flow fields of wind turbines under
different geometry and operating conditions was used to verify it.
This validation study was performed based on the experiment of
Castelli et al. [55], the geometric characteristics and operating
conditions of the wind turbine are shown in Table 4. By adjusting
the speed of the wind turbine, U, /Nwc is equal to different values
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(b)

Fig. 14. (a)Scatter plot of the normalized absolute minimum velocity in wake flow field against U, /Nwc. (b)Scatter plot of the normalized absolute minimum velocity directly in
wake flow field against (U, /ch)’l. In the two figures, the blue dot represents the point where Uy, /Nwc = 0.45 and Uy, /Us = 0.07, and the green dot represents the point where
U /Nwc = 2.66 and Uy, /U, = 0.82. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig.15. (a) Scatter plot of the of the position of the minimum velocity in wake flow field against U, /Nwc. (b) Scatter plot of the of the position of the minimum velocity in wake flow

field against (U, /Nwc) ™!

between 0.1 and 1.5 respectively. After the wake field is calculated,
the relationship between U, /Nwc and the wake recovery velocity,
which is of most interest, is plotted, as shown in Fig. 17.

There is an obvious relationship between the distance required
for wake recovery and U, /Nwc, and the quadratic function fitting
also achieves a good effect. In fact, U, /Nwc is small currently, and
the relationship between the two is nearly linear. Therefore, this
key parameter is also applicable to wind turbines with different
geometric characteristics. In the layout of a wind farm, it is possible
to first calculate some examples in combination with the local
environment and specific wind turbine conditions, and then infer
the wake field under a wider range of operating conditions. And it is
also feasible to use this parameter to put forward the wake analysis
model of H-rotor VAWT.

1

6. Conclusions

The RF model was used to regress from the rotor features to the
mean distribution of the streamwise component of the velocity in
wake field. On this basis, the importance of rotor features on the
wake velocity distribution was analyzed by combining the feature
crosses method. The conclusions are summarized below:

1) As the correlation coefficient R between the true and predicted
velocity values in the training and test set are 0.998 and 0.994,
respectively, the RF model could establish a good internal rela-
tionship between the spatial wake field and the turbine features.
These features include tip speed ratio, solidity and Reynolds
number.
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Fig. 16. Scatter plot of U, /Nwc and the distance from the wind turbine when the wake velocity recovers to 0.4, 0.5, 0.6 and 0.7 times the incident wind velocity.

Table 4

Geometry and operation condition settings of validation examples.
Setting Value Setting Value
Blade section NACA 0021 Number of blades 3
Blade chord 85.8 mm Inlet wind speed 15 m/s
Diameter of turbine 1030 mm Turbulence Intensity 5%

2) The synthetic parameter U, /Nwc plays a key role in the for- obtained when the quadratic function was fitted to the rela-
mation of the wake field, and its importance has reached 0.899 tionship between U, /Nwc and the distance required for the
(according to the importance analysis of the RF model). Based on recovery of the wake velocity to different degrees was greater
this analysis, this parameter represents the ability of the inci- than 0.97.
dent wind to pass through the operating wind turbine. 4) The universality of this parameter has been proved via a series of

3) U /Nwc plays a decisive role in the velocity distribution model case studies of wind turbines with different measures and under
behind the wind turbine, including the velocity deficit and the different operating conditions. In this case, the relationship
recovery rate of the deficit. A piecewise linear function was used between U, /Nwc and the distance to the turbine when the
to fit the relationship between the velocity deficit and U,/ Nwc, wake velocity returns to 0.6 and 0.7 times the incident wind

achieving a good performance with R? greater than 0.9. The R?

12
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Fig. 17. Scatter plot of U, /Nwc and the distance from the wind turbine when the wake velocity recovers to 0.6 and 0.7 times the incident wind velocity.

speed (X|u_o 6, 0.7) Was fitted using a quadratic function with R?
of 0.9854 and 0.9908, respectively.

Overall, the key parameter found in this paper deepens people's
understanding of the wake of H-rotor VAWTSs, and provides new
ideas for the modeling of the average wake field, which can be
applied to the optimal layout of wind farms.

7. Limitations and future work

To our knowledge, this is the first time that a ML approach has
been used to reconstruct the wake flow of VAWTSs. Results of this
paper have proved the great potential of the ML method in the
prediction of the wake field. However, in the research process, the
problem had to be partially simplified to reflect the main target of
investigation, which inevitably makes the current model limited in
the following aspects:

1) The variables of model input: Although TSR, ¢ and Reynolds
number are critical parameters to describe an operating H-rotor
VAWT, there are some other factors that can have a great impact
on H-rotor VAWT wake, e.g., the turbulence intensity.

2) There is a lack of experimental validation of the results here
presented. The meaning and potential application of the pro-
posed key parameter on H-rotor VAWT wake has not been
validated by wind tunnel or field measurements.

3) The applicability of the current ML model has not been fully
comprehended. The model has been trained with the data on
hand and it is unclear whether new data can be adapted into it
or if it can act as a pre-trained model for other H-rotor VAWTs
under different working scenarios.

This paper demonstrates the possibility of applying the RF
model to a 2D wake flow model of H-rotor VAWTs, and it is evident
that the same approach can be extended to a 3D case, since only the
dimensionality of the features is increased, but the nature of the
problem remains the same. However, obtaining the dataset needed
to train the model can be challenging. The computational cost of 3D
numerical simulations is high and the model needs to consider
more input parameters at this point, e.g., height-to-diameter aspect
ratio. However, there are some methods that can assist the
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construction of a 3D RF wake model: 1) Using orthogonal experi-
mental design or Gaussian process regression to reduce the number
of numerical simulation cases. 2) Using experimental data instead
of numerical simulations. This guarantees that accurate data can be
obtained quickly. 3) In order to reduce the difficulty of the training
process, different models can be trained separately at several
heights, and then integrated into the final one.

In addition to attempting to model the 3D wake, the work in this
paper leaves room for improvement. The wake model of a single H-
rotor VAWT obtained in this paper can be combined with the wake
superposition model to quickly calculate the flow field and power
efficiency of wind farms, thereby contributing to the optimization
of the layout. Besides, the research in this paper is only limited to
the H-rotor lift-driven VAWTSs, though the similar method can be
tried to be applied to the research of other wind turbines. It is also
suggested that machine learning models are applied to study the
unsteady characteristics of the wake field.
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