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Abstract
The safe and reliable operation of the pitch system is essential for the stable and efficient operation of a wind turbine (WT).
The pitch fault data collected by supervisory control and data acquisition systems (SCADA) often contain a wide variety
of variables, leading to redundant features that interfere with the accuracy of final diagnosis results, making it difficult to
meet requirements. Also, the problem of extracting only local features while ignoring global information is present in the
feature extraction process using the deep Convolutional Neural Network (CNN) model. To address these issues, the global
average correlation coefficient is proposed in this article to measure the correlation between multiple variables in SCADA
data. By considering the correlation among multiple variables comprehensively, redundant features are effectively eliminated,
enhancing the accuracy of fault diagnosis. Furthermore, a new local amplification fusion architecture network (LAFA-Net)
based on multi-head attention (MHA) is introduced. An efficient local feature extraction module, designed to enhance the
model’s perception of detailed features while maintaining global context information, is first introduced. LAFA-Net integrates
the advantages of CNN and MHA, efficiently extracting and fusing valuable features from filtered data for both local and
global aspects. Experiments on real pitch fault data demonstrate that the global average correlation coefficient effectively
screens out redundant features in the dataset that negatively impact fault diagnosis results, thereby improving diagnosis
efficiency and accuracy. The LAFA-Net model, capable of accurately diagnosing multiple types of pitch faults, shows a
superior classification effect and accuracy compared to several advanced models, along with a faster convergence speed.

Keywords Fault diagnosis · Multi-head attention · Pearson correlation coefficient · Wind turbine · Deep learning · Redundant
feature

Introduction

The installed capacity of wind turbines (WTs) has signifi-
cantly increased as a crucial method for addressing energy
balance and electricity demand.Within this context, the pitch
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system, a key component of the WT generator, plays a vital
role in its operational process. Serving as the core subsys-
tem for regulating WT output power and controlling blade
safety braking, the pitch system frequently adjusts to vari-
ations in wind speed and direction. This frequent operation
leads to a notable fault rate of 35%. Therefore, the develop-
ment of effective fault diagnosismethods for the pitch system
is essential for ensuring safe, low-cost operation and main-
tenance of the WT.

In recent years, deep learning-based intelligent fault diag-
nosis has garnered significant attention, which primarily
involves two steps: fault feature extraction and fault pat-
tern classification [1, 16, 23, 24, 38–40, 42]. It is noteworthy
that an extensive amount of operation and maintenance data
is recorded in the Supervisory Control and Data Acquisi-
tion (SCADA) systems of WTs [46]. The application of data
mining technology to extract fault features from these data
has increasingly become a predominant research approach
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in WT fault diagnosis. Models frequently employed in this
domain include recurrent neural networks (GRUs), Convolu-
tional Neural Networks (CNNs), Long Short-Term Memory
(LSTM) networks, and Support Vector Machines [2, 21, 32].
For instance, a method has been proposed in [12] for com-
paring turbine behavior predicted by a training model with
a reference space, which involves collecting SCADA data
to simulate normal WT behavior and establishing the Maha-
lanobis space as the reference, thereby effectively detecting
faults through residual construction. Furthermore, an adap-
tive multivariate time-series convolutional network has been
introduced in [44], which resamples SCADA data over
multiple time steps, and the resulting resampling matrix
encapsulates multivariate time series information of different
states, demonstrating excellent diagnostic performance.

It is worth mentioning that a framework based on degree-
meanfield theory has been proposed in [43],which constructs
a directed graph and implements a fault localization method
based on node heterogeneity abstracted from WT compo-
nents. Moreover, a correlation graph-convolutional neural
network approach for WT faults has been suggested [26],
which considers the multidimensionality of SCADA data
and their weak correlation with faults. This method employs
a state tracking strategy to quantify the coupling between
state parameters, which realizes a new WT fault diagnosis
approach by using the correlation graph-convolutional neural
network. While CNNs’ advantages in feature extraction are
widely acknowledged in the field of data-driven fault diagno-
sis, they are initially designed for image processing, which
introduces certain limitations in this context. Specifically,
the fixed kernel size of CNNs’ convolutional layers leads
to a relatively small perceptual domain and restrictions on
global information acquisition, affecting their original per-
formance. This limitation underscores the need to focus on
researching SCADAdata-basedmethods to provide effective
and reliable SCADA fault diagnosis solutions.

Most wind farm manufacturers currently equip their wind
farms with SCADA systems to continuously monitor oper-
ational status and performance. These systems record a vast
amount of sensory data at intervals ranging from a few sec-
onds to 10min, covering a wide variety of state variables.
However, the availability of fault data is often limited, so
effectively screening out heterogeneous feature data can sig-
nificantly enhance the accuracy of diagnosing pitch faults.
Furthermore, with the ongoing advancement of deep learning
models, effective feature selection has emerged as an active
and expanding area of research, which involves downsizing
and interpreting data to identify relevant features.

Feature selection methods can generally be divided into
three categories based on their relationship with the model
classifier: filter methods, wrapper methods, and embedded
methods [11, 18, 50, 52].Wrapper feature selection evaluates
the performance of different feature subsets using machine

learning algorithms. This method benefits from considering
the interrelationships between features but incurs a high com-
putational cost. Embedded feature selection, on the other
hand, integrates feature selection into the model training
process, allowing for automatic selection of the most rep-
resentative feature subset. However, this approach tends to
overlook the interrelationship between feature variables. Fil-
ter feature selection, evaluated based on statistics between
features and target variables, is computationally efficient and
well-suited for large-scale feature sets.

The filter feature selection method, which is based on
different statistical features of data, computes feature cor-
relations and performs feature selection independently of
learning techniques, and this contrasts with the high compu-
tational cost of wrapper methods and the reliance on learning
algorithms in embedded methods. Filter feature selection
offers the advantages of a smaller computational load,
wide applicability, and minimal dependence on classifiers.
For instance, a multi-objective particle swarm optimization
algorithm-based heuristic search feature selection method
has been proposed in [22], which addresses the limitations of
sequential methods but still faces the challenge of excessive
computational demand. To mitigate this issue, an embed-
ded chaotic whale survival algorithm has been introduced
[7] by selecting a subset of features with a lower computa-
tional cost. While this method reduces computational effort,
it does not overcome the inherent limitations of embedded
feature selection, such as dependency on classifiers.

The shortcomings of bothwrapper and embeddedmethods
are effectively circumvented by filter feature selection,which
operates independently of classifiers and learning algorithms.
An iterative local Fisher score feature selection method, pro-
posed in [6], aims to minimize local intra-class scatter while
maximizing local inter-class scatter, thereby achieving effec-
tive feature selection. Furthermore, in [20], a method has
been introduced to select a subset of significant features based
on Euclidean distance for accurate fault diagnosis, and this
approach exemplifies the efficacy of filter feature selection in
isolating relevant features without the computational burden
or classifier dependency seen in other methods. On the other
hand, the Pearson Correlation Coefficient (PCC) is increas-
ingly used in filter feature selection methods to identify
feature redundancy by assessing the correlation between two
variables [51], which is employed to balance relevance and
redundancy in feature selection [34], optimize feature sets
for fault diagnosis [49], solve overfitting in prediction mod-
els [25], and rank features based on correlation and mutual
information [33]. However, these methods often focus only
on the correlation between pairs of features, neglecting the
collective impact of multiple correlated feature variables in
feature screening.

Inspired by the identified limitations of existing methods,
in this paper, we propose a novel global average correla-
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tion coefficient (GACC) to select effective features from real
WT SCADA raw data for the fault diagnosis of the pitch
system. This method addresses the deficiency of the PCC
(which is limited to measuring the correlation between pairs
of features) while maintaining low computational effort and
simultaneously considering the correlation among multiple
feature classes. Furthermore, to tackle the limitation ofCNNs
in acquiring global information, we design a local feature
amplification extraction module, which enhances the ability
of the system to capture local nuances without losing sight
of the overall global context. Moreover, a new deep learning
architecture is developed to improve the efficient extraction
and fusion of local features from multi-fault variables, par-
ticularly in scenarios with small sample sizes, and such an
architecture ensures that the original global contextual infor-
mation is preserved while dealing with the intricacies of
multiple fault variables.

The key contributions of this article are outlined as fol-
lows.

(1) xIntroduction of a newGACC: This coefficientmeasures
the correlation among multiple variables, overcoming
the limitation of the PCC which only assesses correla-
tions between pairs of variables. The GACC enhances
the accuracy and reliability of screening redundant fea-
tures.

(2) Design of a local feature amplification module: This
module addresses the issue of CNNs losing global con-
text information when extracting local features, with
purpose to improve the classification accuracy for multi-
class pitch faults in wind turbines.

(3) Development of the LAFA-Net architecture: This new
architecture combines the strengths of convolutional net-
works and Multi-Head Attention (MHA) in learning
local and global features, which utilizes MHA’s capa-
bility in understanding global information dependencies
and interactions between features, and efficiently fuses
local features of various fault types for effective pitch
fault diagnosis.

(4) Effective application of the LAFA-Net model: The
proposed LAFA-Net model demonstrates strong perfor-
mance on real pitch fault datasets, providing valuable
insights for the operation and maintenance of wind
farms.

The above contributions signify notable advancements in
the field of wind turbine fault diagnosis, particularly in
enhancing the accuracy and efficiency of fault detection and
classification through innovative methods and architectures.

Theoretical background

Convolutional neural network

CNNs are a type of deep learning model renowned for their
ability to actively extract features from data, particularly
adept at extracting and learning local features from raw data
for classification purposes. A standard CNNmodel typically
comprises a series of convolutional layers, pooling layers,
and fully connected layers Fig. 1. The primary function of
the convolutional layer is to extract localized features. In
this layer, different convolutional kernels function as various
feature extractors, analogous to filters in signal processing.
Without loss of generality, the convolution process can be
represented as:

alj = f

(
M∑
i=1

al−1
i ∗ wl

i j + blj

)
(1)

where alj is the j th feature map of the l layer, M is number

of features of the l − 1 layer, wl
i j is the convolution kernel

weights of the i th feature of layer l − 1 and the j th feature
of layer l, blj is the deviation of the j th feature map at the
lth layer, f (·) is a nonlinear activation function, which can
usually be the ReLU function, the Sigmoid function, or the
Tanh function.

In a CNN, the pooling layer reduces feature space dimen-
sionality and improves computational efficiency through
down-sampling.There are twoprimary types of pooling oper-
ations: the maximum pooling selects the maximum value
from a subset of the input features, preserving major fea-
tures, and the average pooling calculates the average value
of a group of features, smoothing the input and reducing
noise. These operations enhance the robustness of the CNN
by making it less sensitive to the exact location of features.
The pooling operations can be described as follows:

Fig. 1 1DCNN framework
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Pm = max
alj∈S

alj (2)

Pa = average
alj∈S

alj (3)

where Pm and Pa are the output of the pooling layers and S
is the pooling size of the sliding window. The functions max
and average are employed to take the maximum value and
the average value, respectively. The fully-connected layer is
usually placed after multiple convolutional or pooling layers,
and it maps the multidimensional features extracted from the
previous layer into the vector label space in preparation for
the subsequent classification task, and finally the Softmax
function is used to compute the relative probabilities between
different classes.

Pearson correlation coefficient

The PCC is mainly applied to measure the correlation
between two variables, which is commonly used in the nat-
ural and social sciences to assess the degree of correlation
between two independent variables, as well as the statistical
significance and direction of this correlation. For two vari-
ables x and y with sample size N , the generalized PCC is
defined as follows:

ρ=
∑N

i=1 (xi − x̄)(yi − ȳ)√∑N
i=1 (xi − x̄)2

√∑N
i=1 (yi − ȳ)2

(4)

where xi and yi are the i th value in the variables x and y,
respectively, and x̄ and ȳ are the means of x and y respec-
tively. It can be seen from (4) that PCC ranges from−1 to +1.
When ρ > 0, it indicates that there is a positive correlation
between x and y; when ρ < 0, it indicates that there is a
negative correlation between x and y; and when ρ = 0, it
indicates that there is no correlation between x and y. When

it is extended to a set of n variables
{
X̃1, X̃2, . . . , X̃n

}
. A

PCC matrix C is obtained and contains the values of the cor-
relation coefficients for all pairs of variables, which can be
described as:

C =

⎡
⎢⎢⎢⎣

ρ11 ρ12 · · · ρ1n
ρ21 ρ22 · · · ρ2n
...

...
. . .

...

ρn1 ρn2 · · · ρnn

⎤
⎥⎥⎥⎦
n×n

(5)

where ρi j (i, j = 1, 2, . . . , n) is the correlation coefficients
between X̃i and X̃ j , which can be obtained from (4). It is
easy to see that the C is a symmetric matrix and the diagonal
elements are all 1.

Multi-head attention

In traditional attention mechanisms, attention weights are
computed by calculating the similarity between the query
and the key, and then the weights are applied to the value
to obtain a weighted representation of the value. The multi-
head attention mechanism enhances the expressive power of
the model by introducing multiple attention heads and per-
forming independent feature extraction and representation
learning in each head. Therefore, the multi-head attention
mechanism can be regarded as an extended form of the self-
attention mechanism, which adds the ability to parallelize
the computation of multiple attention heads on the basis of
the original self-attentionmechanism, thus further enhancing
the model’s expressive ability and performance. With differ-
ent attention heads, the model can simultaneously attend to
different feature subspaces, thus better capturing the depen-
dencies between inputs and the interactions between features
[27, 30]. Multi-Head Attention (MHA) has been widely
applied in the fields of model prediction, speech recognition,
sentiment analysis, and target detection [48].

The architectures ofMHA and Scaled Dot-Product Atten-
tion (SDPA) are shown in Fig. 2. For an input sequence
X = [X1, X2, . . . , XN ] ∈ RDx×N , it first needs to be lin-
early mapped to three different spaces to obtain the query
vector qi ∈ RDk , key vector ki ∈ RDk and value vector
vi ∈ RDv respectively. The linear mapping process for X
can be abbreviated as:

Q = Wq X ∈ RDk×N (6)

K = WkX ∈ RDk×N (7)

V = WvX ∈ RDv×N (8)

where Wq ∈ RDk×Dx , Wk ∈ RDk×Dx and Wv ∈
RDv×Dx are the parameter matrices of the linear mapping.
Q = [q1, q2, . . . , qN ], K = [k1, k2, . . . , kN ] and V =
[v1, v2, . . . , vN ] arematrices consisting of query vectors, key
vectors and value vectors, respectively. Dk is the dimension
of the query and key, Dv is the dimension of value, and N is
the length of the input tensor. For each qr , the output can be
obtained by using the key-value pair attention mechanism:

hr = att((K , V ), qr ) (9)

=
N∑
j=1

αr jv j =
N∑
j=1

softmax(s(k j , qr ))v j (10)

where αr j (r , j = 1, 2, . . . , n) denotes the weight of the r th
output attention to the j th input, v j is the value at a particular
position in the value matrix V , and att(·) is attention opera-
tion. The final sequence of output vectors can be represented
as:
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Fig. 2 Structure of multi-head
attention

H = V • softmax

(
KT Q√
Dk

)
(11)

where softmax(·) is the operation of normalization by
columns, • is the scaled dot product operation.

After the extension of the self-attention model, we have

Multi Head(H) = Wo[head1, head2, . . . headM ] (12)

headi= att(Qi , Ki , Vi ) = att(Wi
q H ,Wi

k H ,Wi
vH)

(13)

where Wo is the output projection matrix, Multi Head(·) is
multi-head attention operation, M is number of multi-head
attention, and i = [1, 2, . . . , M].

Proposedmethod

Feature screening

InWTpitch systems, raw fault data includes diverse variables
from multiple sensors. However, not all variables are useful
for fault diagnosis, as redundant and irrelevant features can
lead to errors. Traditional PCC methods, focused only on
pairwise correlations, are insufficient for this multivariate
context. Therefore, in this paper,we introduce an extension to
the generalizedPCC, creating aglobal correlation coefficient.
This new approach evaluates the correlation of one variable
with many, overcoming the limitations of traditional PCC
and reducing the impact of redundant features on diagnosis
accuracy.

For the multi-classification problem of pitch fault diagno-
sis in wind turbines, there are h distinct outcome states, each
corresponding to a different classification result, denoted as
Yl (l = 1, 2, . . . , h). Let X̃ l represent the dataset recorded

when fault Yl occurs, and assume that each dataset has a sam-
ple size of N .Wefirstly define the correlation coefficientwith
respect to Xi based on dataset X̃ l as follows:

gli =
n · ∥∥Cl

i

∥∥
2 − ∑n

j=1

∣∣∣ρl
i j

∣∣∣
√
n3

, l = 1, 2, · · · , h (14)

where Cl
i (l = 1, 2, . . . , h) is the row vector correspond-

ing to Xi based on dataset X̃ l , ‖Cl
i ‖2 is the 2-norm of the

vector Cl
i and |ρl

i j | is the absolute value of ρl
i j . In (14),

the PCC of Xi with other variables is formulated as a 2-
norm. This approachmaintains the correlation characteristics
inherent to the original PCC, while also linking Xi with
other variables to ascertain the degree of one-to-many cor-
relations. The extension of the PCC in this manner makes
the statistic more interpretable and relevant for multivariate
analysis. Furthermore, it’s important to address the pres-
ence of negative values in the PCC. These values represent
the direction of correlation between pairs of variables but
can lead to the loss of statistical properties when calculat-
ing a mean directly. To circumvent this issue, the absolute
values of the vector elements are considered. This adjust-
ment ensures that the resulting statistics accurately reflect
the strength of the correlations, regardless of their direction,
thereby providing a more robust and meaningful analysis for
the one-to-many relationships in the context of pitch fault
diagnosis.

In a multi-classification context, each state category has
its dataset with the same number and type of features, but
the contribution of each feature varies across categories.
To standardize this in the analysis, the Global Average
Correlation Coefficient (GACC) is used, which is calcu-
lated by averaging the global correlation coefficients of
each variable across all state categories, as shown in the
formula:
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gi =
∑h

l=1 gil
h

(15)

where gi represents the GACC for a variable, and gil is its
global correlation coefficient in the dataset of category l. The
GACCvalues range from0 to 1,with higher values indicating
stronger global correlation. A suitable threshold θ is set for
feature selection to identify the most relevant features for
pitch fault diagnosis.

Remark 1 In (14), the 2-norm is utilized to link the self-
correlation coefficient of a single variablewith the correlation
coefficients of other variables. This approach is effective
for measuring the spatial distance of vectors, thereby better
characterizing the variables’ significance and their statistical
relevance. By averaging the absolute values of these coeffi-
cients, the method refines the distance measure obtained via
the 2-norm. This allows for a comprehensive synthesis of the
correlation between a single variable and multiple variables,
facilitating more accurate and meaningful variable screening
for analysis or modeling.

Algorithm 1 Algorithm for screening of redundant feature

Require: Original datasets X̃ l (l = 1, 2, · · · , h), classification result
Yl , l is the indicator of classification result;

Ensure: Updated variable X
1: for i = 1 to n do
2: for l = 1 to h do
3: Calculate Cl

i = [ρl
i1, ρ

l
i2, · · · , ρl

in] according to dataset X̃ l and
(4);

4: Calculate gli according to (14);
5: end for
6: Calculate gi according to (15);
7: if gi ≥ θ then
8: Keep Xi ;
9: else
10: Remove Xi from X ;
11: Update X = [X1, X2, · · · , Xi−1, Xi+1, · · · Xn]T .
12: end if
13: end for

Local feature extraction amplificationmodule

The superiority of CNNs in extracting local features is well-
established and has been effectively applied in various fields,
including the analysis of sensor data collected by SCADA
systems in wind turbines. These systems capture essential
fault features, crucial for effective fault diagnosis. Unlike the
more complex MHA, the convolutional operation in CNNs
can be fine-tuned by altering the convolutional kernel size
and stride, thereby adjusting the model’s capability to learn
local features during data propagation. Given the diverse sen-
sor data in a pitch system, local features at the time of fault

occurrence are critical for diagnosing specific fault types.
However, while a single CNN model relies on multiple con-
volutional layers for efficient local feature learning, deep
CNN architectures may lead to overfitting, especially with
small sample datasets. To address this, we design a Local
Feature Extraction Amplification (LFEA) module, which is
capable of accurately extracting and enlarging local features
without adding complexity to the model. It employs Global
Average Pooling (GAP) and shape modifications to avoid
overfitting, maintaining the inherent advantages of CNNs in
local feature extraction.Moreover, the LFEAmodule ensures
that global context information is preserved even after the
local features are amplified.

The LFEA module in the model is designed to effi-
ciently capture and amplify local features while preserving
the integrity of the input data. The key components of the
LFEA module include (1) the first convolutional layer that
uses a convolution kernel size of 3 to precisely capture local
features without losing critical information; (2) the second
global average pooling layer that averages the extracted fea-
tures to preserve and amplify key information; and (3) the
feature rearrangement and further filtering, where the fea-
tures are rearranged and further refined through an additional
convolutional layer, combined with a multiplication opera-
tion with the input. This structure enables the LFEA module
to extract essential local information effectively andmaintain
the completeness of input features, all without significantly
increasing the model’s computational demands.

LAFA-Net architecture

The advantages of the multi-head attention mechanism on
global features include parallelized processing, multi-view
focusing, improved model robustness, and integrated feature
representations, which allows the model to capture multi-
ple different global feature information simultaneously. The
output of the multi-head attention mechanism is a linear
combination of the feature representations of multiple heads,
which allows themodel to synthesize global features through
feature fusion at different scales. This type of feature fusion
helps to extract richer information and allows for better adap-
tation to different tasks. These advantages have made the
multi-head attention mechanism one of the commonly used
techniques in deep learning and have yielded good results in
a variety of tasks.

In order to guarantee the effective diagnosis of multiple
faults in the pitch system, it is not enough to accurately cap-
ture the local information of a single fault feature. On this
basis, it is also necessary to have good overall learning ability
for global context information. Thus, the local information
of individual fault features is effectively integrated with the
global information to ensure the accuracy of multi-fault clas-
sification and the robustness of the diagnostic model. We
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Fig. 3 Structure of the LAFA-Net model

propose a new feature learning architecture for LAFA-Net
to effectively integrate local features and global information,
refine the learning ability of the network on features, and
improve the learning efficiency of the model on valuable
features. The core of the model consists of two parts: the
LFEAmodule and the MHA. The LFEAmodule realizes the
accurate capture and amplification of local information, and
theMHA realizes the extraction and learning of global infor-
mation with different focuses. The two components work in
conjunction with each other to enhance the model’s ability
to model input features.

For a given data set, the input is Xi = {xi1, xi2, . . . , xim}
(i = 1, 2, . . . , n), where xim is the nth data for the mth vari-
able, the corresponding output is Y = {Y1,Y2, . . . ,Yh}. In
the LAFA architectural model of Fig. 3, the inputs are filtered
with the feature variables first extracted by the LFEAmodule
to amplify the local features:

L(x) = δ(P(δ(xnm))T ;W ) ⊗ xnm (16)

where δ(·) is the convolution with ReLU being the activa-
tion function, P(·) is the global average pooling operation,
⊗ is multiplication operation, andW is the weights generated
during the convolution operation. It is worth noting that the
transpose operation is an essential part of the final amplifica-
tion of local features and preservation of global information.
After the LFEA module, the feature information is fed to the
MHA core module to realize the fusion of globally important
features, which combines the outputs of multiple attention
headers, and thenutilizes a linear layerwith learnableweights
W to aggregate these features to obtain the output of MHA:

Zn = Concat(ζ(xn1 ), . . . ζ(xnm)) (17)

ζ(xnm) = att(L(xnm)Wm
q , L(xnm)Wm

k , L(xnm)Wm
v ) (18)

Subsequently, residual concatenation and layer normaliza-
tion are performed on the output features of the MHA, an
operation that effectively speeds up training while the offset
of the internal covariates is reduced:

Sn = LN (Xn + Zn) (19)

LN (μ) = μ − μ̄√
σ 2 + ε

(20)

where μ̄ and σ 2 are the mean and variance of μ, respec-
tively. Then, the output of layer normalization is fed into
the combination module of convolutional and pooling lay-
ers for the secondary learning of local features. The feature
information is refined by layer normalization and residual
connection to complete the fusion of local features and the
forward propagation learning process of global information.
Finally, the flattening operation and softmax classifier are
used to realize the classification of different fault types and
normal operation states.

Application of LAFA-Net and GACC for pitch fault
diagnosis

The application procedure of pitch fault diagnosis forWT on
LAFA-Net model is shown in Fig. 4, and the specific details
are as follows:
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Fig. 4 Application procedure of pitch fault diagnosis

Step 1: Obtain raw sensor data from the turbine SCADA
and intercept fault data from the fault log from the time of
the fault to reset, as well as normal operation data prior to
the fault.

Step 2: The preliminary selected data are screened using
the GACC method to eliminate redundant variables in the
data.

Step 3: The data retained in the various types of sensors are
normalized to limit the data to a certain range and eliminate
the adverse effects of outliers on the data itself.

Step 4: The data is randomly disrupted and divided into
a training set and a validation set, where 80% is the training
set and 20% is the validation set.

Step 5: The LAFA-Netmodel is first trainedwith the train-
ing set data, and then the validation set is used to test the
performance of the model and the accuracy of the diagnosis
of the paddle faults.

Experiments

In this section, we verify the effectiveness of our method
by validating pitch fault data collected by real SCADA. The
deep learning framework used in this article is Keras, the
backend engine is TensorFlow, the computer processor used
is Intel(R) Core i5-5200u-CPU@2.20 Ghz, and Python is
used to build CNN models in the Keras environment.

Wind turbine pitch SCADA fault data

The pitch system is the core sub-system for power regulation
in a WT and adjusts the pitch angle of the turbine blades in
real time according to the wind speed to achieve the max-
imum output of the turbine. As shown in the Fig. 5, the
pitch actuator will match the blade position according to the
pressure and wind speed from the blade. The nacelle mas-
ter controller end action signals to the pitch drive, based on
which, the impeller index angle and pitch angle are adjusted,
and the change of the blade position is realized.

The real SCADA data used in this article is from a 4MW
DC-driven hydraulic WT at a wind farm in Shanghai, China.
This data records a variety of types of fault data for the WT
pitch system from July 2022 to January 2023, with a total of

Fig. 5 Pitch control system

Table 1 SCADA data variables

No Variable name No Variable name

1 Generator active power 12 Grid A phase voltage

2 Generator reactive power 13 Grid B phase voltage

3 Grid active power 14 Grid C phase voltage

4 Grid reactive power 15 Grid A Line voltage

5 Paddles set angle 16 Grid B Line voltage

6 Paddle A pitch angle 17 Grid C Line voltage

7 Paddle B pitch angle 18 Grid voltage

8 Paddle C pitch angle 19 Grid frequency

9 Paddle A pitch torque 20 Paddle A pitch press

10 Paddle B pitch torque 21 Paddle B pitch press

11 Paddle C pitch torque 22 Paddle C pitch press

Table 2 Types of operational faults

No Running status Label

1 Proportional valves error 0

2 Paris blades misaligned error 1

3 Blade specified position error 2

4 Pitch angle deviation error 3

5 Pitch system low pressure error 4

6 Normal 5

18,000 sets of data, mainly including normal data and fault
data within 10s before and after the fault, with data sampled
once at 10 ms on average. The operational data includes gen-
erator active power, generator reactive power, pitch angle,
pitch torque, etc.; the status data includes normal operation
and fault status codes and reset time stamp records, etc. The
specific data names and variables are shown inTables 1 and 2.

However, the data collected by the SCADA system can-
not be trained immediately. SCADA collects fault data in
the following manner. SACDA takes the fault timestamp as a
reference when a turbine fault occurs, and then saves the nor-
mal data for the 10s before the fault timestamp and the fault
data for the 10s after. The data recorded after each fault is not
always fault data, because the operation status will be reset to
normal operation after the fault is removed. At this time, the
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data recorded during the sampling time is the data during nor-
mal operation, which leads to the fact that the data 10s after
the fault is not always considered as fault data. Therefore,
using data recorded before and after the 10s period would
result in abnormal correlation of variables, leading to inaccu-
rate diagnostic results. First, the valid fault data is intercepted
based on the time stamp of the fault and the reset time. Then,
GACC is utilized to screen the features for each type of fault
state. It is verified that a θ value set to 0.5 in the pitch fault
data satisfies the screened dataset enabling the model accu-
racy optimal. Among the 22 feature variables in Table 1, five
feature variables were excluded after GACC screening were
Grid A Line voltage, Grid B Line voltage, Grid B Line volt-
age, Grid voltage, and Grid frequency. Finally, in order to
achieve multi-fault diagnosis and classification, the datasets
corresponding to the six different types of states are mixed
and randomly disrupted. After all the above is done, 80% of
all the final data is divided into training set and 20% into
validation set.

Performancemetric

The corresponding evaluation metrics need to be adjusted
for the multi-fault classification problem. In addition to ac
curacy, the F-score is used as an overall classification perfor-
mance metric as well as a classification metric for individual
categories. The F-score takes into account both the precision
and recall of a model. By combining these two metrics, the
F-score provides a more comprehensive and accurate assess-
ment of a model’s classification performance. In particular,
in scenarios where a small number of categories are more
important, the F score can better reflect the model’s clas-
sification performance for most categories while focusing
on a small number of categories. Therefore, F-score is a
commonly used and reliable metric to help assess the clas-
sification performance of a model. The calculation formula
is given in Table 3, where TP, TN, FP, and FN refer to true
positives, true negatives, false positives, and false negatives
in class i , respectively. k represents the number of classes
being classified.

GACC feature screening experiment

In this subsection, we mainly discuss the effectiveness of the
proposed GACC method after feature screening for improv-
ing the final accuracy of the model. Four datasets were
used for validation respectively. Datasets 1 is the original
data without any redundant feature screening, datasets 2 is
the data after screening using GACC, and datasets 3 and
4 are the datasets with randomly screened feature variables,
respectively. For consistency, the number of feature variables
screened is the same as in datasets 2. However, the difference

Table 3 Performance metric and calculated expression

Performance metric Calculated expression

Precision T P
T P+FP

Recall T P
T P+FN

f1-score 2(precision×recall)
precision+recall

Micro-precision (MIP)
∑k

i=1 T Pi∑k
i=1 (T Pi+FPi )

Micro-recall (MIR)
∑k

i=1 T Pi∑k
i=1 (T Pi+FNi )

F-score 2(MI P×MI R)
N I P+MI R

Accuracy
∑k

i=1 (T Pi+T Ni )∑k
i=1 (T Pi+T Ni+FPi+FNi )

Fig. 6 Experimental accuracy for Dataset 1, Dataset 2, Dataset 3 and
Dataset 4

is that the screened variables in datasets 3 contain a portion
of the GACC screened variables, while datasets 4 does not.

On the LAFA-Net model, the model accuracies obtained
from the four datasets are 0.9533, 0.9956, 0.9767, and
0.9522, respectively. It is not difficult to get the accuracy
curves from Fig. 6, which show that the accuracy on datasets
2 is significantly better than that on the other three datasets.
The results on datasets 3 can also effectively reflect that
the features screened by GACC can effectively improve the
model accuracy, because the randomly eliminated variables
in datasets 3 contain some of the features screened byGACC.

The validation loss and accuracy curves of the proposed
method are given in Fig. 7, from which it can be seen that in
the early stage of training presents a higher loss due to the
initialization of the model parameters. With the continuation
of the training process, the model is rapidly accelerated and
gradually converges to a converged state after only 6 epochs,
while also reaching a high accuracy. The fluctuation of accu-
racy and loss in the subsequent process becomes very stable.
The results show that our method has good generalization
and can achieve a stable high accuracy with fewer training
epochs. From the above comparative experimental results,
the GAAC feature screening method can effectively elimi-
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Fig. 7 LAFA-Net model validation loss, accuracy curves

nate redundant features to achieve the effect of improving
the accuracy of the model.

Comparison with different deep learningmethods
for GACC

In this subsection, the discussion focuses on the feasibil-
ity of GACC’s screening results on several different models.
We compare the performance of LAFA-Net with GRU [2],
LSTM [32], CNN [44] and MHA models. All of these mod-
els are more advanced and applicable in deep learning. CNN
andMHA are models that are more sensitive to local features
and globally valid information, respectively.GRUandLSTM
are recurrent neural network-based models, which were ini-
tially used in natural language processing, and are able to
have good learning classification processing ability for small

Fig. 8 LAFA-Net, CNN, GRU, LSTM andMHA accuracy curve com-
parison in DataSets1

sample sequence data, can effectively integrate dependencies
between information, and donot need to consider the distance
problem. These models can be compared with the LAFA
model from three perspectives: local features, global infor-
mation, and processing sequence data.We recorded accuracy,
precision, and recall under LAFA-Net and four other baseline
models. The results are shown in TABLE IV.

From Table 4, it can be seen that the accuracy and MIP
of all the models in datasets 2 (GACC-screened data) have
been greatly improved, and the accuracy and precision of
the CNN model have been improved by 11.66% and 7.54%
compared to dataset 1, reaching 96.22% and 97.19%, respec-
tively. In GRU, LSTM and MHA, the accuracy is improved
to 94.33%, 94.38% and 98.33%, and the MIP is improved
to 95.96%, 96.16% and 98.64% compared to datasets 1.
However, the highest values of accuracy and MIP are still

Table 4 Performance metrics of
experimental results for
different models on Data1,
Data2, Data3 and Data4

Method CNN (%) GRU (%) LSTM (%) MHA (%) LAFA-Net (%)

Datasets 1

Accuracy 84.56 81.22 90.75 94.44 95.33

MIP 89.65 94.21 89.74 95.68 96.03

MIR 84.67 91.56 88.56 94.67 95.00

Datasets 2

Accuracy 96.33 94.33 94.78 98.33 99.56

MIP 97.19 95.96 96.16 98.64 99.89

MIR 96.67 94.67 95.22 98.56 99.89

Datasets 3

Accuracy 93.11 92.22 93.56 97.33 97.67

MIP 95.02 94.27 94.80 97.29 97.82

MIR 92.89 91.67 93.22 96.98 97.67

Datasets 4

Accuracy 90.67 82.44 82.56 91.33 95.22

MIP 93.14 84.63 89.24 94.64 96.35

MIR 91.33 81.22 82.11 93.44 95.33
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Fig. 9 LAFA-Net, CNN, GRU, LSTM andMHA accuracy curve com-
parison in DataSets2

in LAFA-Net, 99.56% and 99.89% respectively. It can be
seen that our redundant feature screening method is able to
effectively improve the accuracy of the final classification
results and the overall accuracy of the model, and the advan-
tages of the LAFA-Net model over other models in terms
of final classification accuracy and model MIP can also be
effectively verified.

In terms of MIR, the average recall of the LAFA-Net
model exceeds 95% on all four datasets. This is an indica-
tion that LAFA-Net can accurately identify the majority of
fault types, especially on dataset 2, where the MIR reaches
99.89%, which is 1.33% higher compared to the highest of
98.56% (MHA) among several other types of models. This
indicates that only very few fault data are missed or misiden-

Fig. 10 Categorical scatterplot of experimental results of different pitch fault diagnosis experiments in 2D space
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tified in the given dataset, which proves that our model
achieves better performance in the practical application of
pitch fault diagnosis. Figures 8 and 9 show the accuracy
curves of five different models on datasets 1 and 2. It can be
seen that the proposed method converges significantly faster
than several other types ofmodels during the training process
and can quickly reach a higher level of accuracy with fewer
training rounds. From this result, our method of local fea-
ture fusion can effectively improve the training speed of the
model, and the full fusion of various types of local features
of faults and the combination of the model’s own ability to
learn global information is an effective means to improve the
diagnostic accuracy of the model.

Comparison of pitch fault diagnosis results

In this subsection, we analyze and compare the actual clas-
sification effects on several different types of models for the
pitch fault datasets 2 (data screened by GACC). We use two
metrics, F-score and f1-score, to measure the effect of indi-
vidual models on overall fault classification and single fault
classification, and also use t-distributed stochastic neighbor
embedding visualization technique to downscale the final
data and present the final classification scatter plots. The
visualization results of the five models for pitch fault diag-
nosis results are shown in Fig. 10, where the different colors
indicate the different pitch fault types. Obviously, among the
output distributions in the visualized scatterplot, LAFA-Net
finally has the best classification results, which can accu-
rately classify the distributions of almost all types of faults,
and only one data point is neglected.

In MHA and CNN, although a more satisfactory classifi-
cation result can be achieved, a part of fault states is obviously
neglected in the final distribution, which reduces the classi-
fication accuracy of the model. However, the classification
effect of the output distribution in GRU and LSTM is the
worst, and the problem of faults being ignored is improved
compared to MHA and CNN, but the phenomenon of being
misclassified obviously occurs again. Obviously, the LAFA-
Net model can not only effectively identify the fault state
and fault characteristics, but also show certain superiority in
the final classification in the application of the actual paddle
fault diagnosis.

The f1-socre and recall results for single fault classifica-
tion are shown in Figs. 12 and 13, where we can see that,
in terms of both the effectiveness of the classification and
the identification of the faults, the LAFA-Net model has a
higher F1-socre and recall for each class of faults than sev-
eral other classes of models. From the overall classification
score in Fig. 11, the overall score of our method has reached
0.9989, which is at the highest level among all the models,
5.36% higher than the GRUmodel with the lowest score, and
1.34% higher than the MHA model with a relatively high

Fig. 11 Overall F1-score of CNN, GRU, MHA, LSTM, LAFA-Net
models for pitch fault diagnosis

Fig. 12 F1-score of CNN,GRU,MHA, LSTM, and LAFA-Net models
for six single type of pitch fault diagnosis

Fig. 13 Recognition recall of CNN, GRU, MHA, LSTM, and LAFA-
Net models for six single types of pitch fault diagnosis

score. As for the performance of single fault classification,
ourmethod scores on Fault 2 and Fault 3 are both 0.9967, and
it scores 1 on several other fault types. The secondary better
performer is the MHA model with scores of 0.9619, 0.9933,
0.9934, and 0.9646 on Fault1 through Fault4, respectively.
And the other three types of models are significantly lower
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Fig. 14 Pitch fault diagnosis confusion matrices of different methods
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than these two types of models in terms of scores. In terms
of fault recognition rate, the LAFA-Net model only has a
99.33% recognition rate on Fault2, and the recognition rate
of other types of fault states is 100%.

The model classification performance can be seen more
intuitively in the confusionmatrix, andFig. 14 shows the con-
fusion matrix of the classification results of the five models
on datasets 2. After fusing the local features of a single fault,
the classification performance of LAFA-Net on all types of
faults reaches a high level. From the confusion matrix results
of the LAFA-Net model, it is easy to see that the classi-
fication results are basically concentrated on the diagonal
elements of the matrix, and only one data point is misclas-
sified. Compared with the classification confusion matrix
results of other types of models, the proposed method out-
performs other types in overall classification performance
and achieves a high classification accuracy. In summary,
the above results strongly demonstrate that our method has
efficient fault recognition and excellent classification per-
formance for practical fault diagnosis applications, which
outperforms other models of the same type.

Comparison with state-of-the-art deep learning
methods for pitch fault diagnosis

In this paper, some popular fault diagnosis models are
selected for comparative experimental validation in support
of demonstrating the advantages of LAFA-Net. The Adam
optimization algorithm with learning rate of 0.001 is used in
all the training processes. The selected fault diagnosismodels
include:

(1) MS-Resnet: a multiscale residual network based on 1D-
CNN, which improves the feature learning ability of
the model by extracting spatial multiscale features from
SCADA data, and is applied to fault diagnosis of WTs
[9];

(2) SC-1DCNN: a self-calibrated 1D-CNN based on self-
calibration, which can effectively learn shared features
from data, and consider both marginal and conditional
distributions for fault diagnosis models [13];

(3) MF-DCRN: a CNN with a multi-acceptance domain
denoising block which is used to enhance the deep fea-
tures and filter out the interfering feature information.
The adaptive feature integration module is embedded in
the CNN model to better utilize the extracted informa-
tion, effectively realizing the fault diagnosis of gearboxes
and industrial pumps [35].

Figure 15 shows the experimental accuracy curves of MS-
Resnet, SC-1DCNN, MF-DCRN and LAFA-Net on the WT
pitch fault dataset. It can be seen that on the basis of the
same epochs, LAFA-Net converges significantly faster than

Fig. 15 Accuracy curves of MS-Resnet, SC-1DCNN,MF-DRCN, and
LAFA-Net models for six single types of pitch fault diagnosis

Fig. 16 F-score, MIR and MIP of MS-Resnet, SC-1DCNN, MF-
DRCN, and LAFA-Net models for six single types of pitch fault
diagnosis

the other models and can converge stably at a higher accu-
racy rate. From the comparison results of F-score, MIR and
MIP for fault classification in Fig. 16, our method performs
the best among the four types of models while MS-Resnet
performs the worst. Both F-score, MIR, and MIP values,
LAFA-Net reaches the highest value of 0.9989. In addition,
the advantages of LAFA-Net compared to the other several
classes of models can be more intuitively seen from the con-
fusion matrix of the classification results in Fig. 17. Among
the final results of the four classes ofmodels, only LAFA-Net
has more elements clustered on the diagonal in its confusion
matrix. Overall, these results are a good validation that in
general, our method has a great advantage in fault diagnosis
oriented to actual WT pitch fault data.

Conclusion

In this paper, we have introduced a novel metric, namely,
the Global Average Correlation Coefficient (GACC), for
redundant feature screening. TheproposedGACCeffectively
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Fig. 17 Pitch fault diagnosis confusion matrices of MS-Resnet, SC-1DCNN, MF-DRCN, and LAFA-Net

synthesizes the degree of correlation between a single vari-
able and other variables in a multivariate system, addressing
the limitations of traditional PCC. The usage of GACC-
screened datasets enhances the accuracy of various models
in pitch fault diagnosis, ensuring that the most effective fea-
tures in the dataset are utilized to their fullest potential. To
address the issue of traditional deep CNNs often neglecting
global context information when extracting local features,
we have proposed a multi-attention based LAFA-Net and
further introduced an LFEA module to comprehensively
extract effective features of a single type of pitch fault.
The LAFA-Net architecture has effectively integrated the
strengths of convolutional networks in local feature learn-

ing and MHA in global feature learning, thereby realizing
efficient pitch fault diagnosis. It has been demonstrated via
comparative experiments with various models and datasets
that the GACC-screened dataset has significantly improved
the convergence speed and accuracy of fault diagnosis classi-
fication. The LAFA-Net model has shown superior accuracy
and recognition rates in pitch fault diagnosis compared to sev-
eral othermodels. These results have convincingly illustrated
the considerable advantage of this new method in practical
pitch fault diagnosis applications, which marks a significant
advancement in the field. In the future, we aim to (1) apply
the proposed LAFA-Net for fault diagnosis of other indus-
trial processes e.g., manufacturing and medical engineering
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[4, 10, 28, 36, 41, 47], (2) integrate model-driven methods
to improve the detection system based on signal processing,
state estimation, and filtering approaches [5, 17, 29, 53–56],
(3) develop a new control strategy to adaptively extract pat-
terns and features in a multi-modal manner [8, 14, 37, 45],
and (4) employ evolutionary computation algorithms to opti-
mize the hyperparameters of the LAFA-Net [3, 15, 19, 22,
31].
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