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Abstract—BackgroundBackground: Deep-learning-based fault
diagnosis of wind turbine has played a significant role in ad-
vancing the renewable energy industry. However, the imbalanced
data sampled by the supervisory control and data acquisition
systems has led to low diagnosis accuracy. Additionally, deep
neural networks can encounter issues like gradient vanishing
and insufficient feature learning during backpropagation when
the model is too deep. Methods: This article introduces a novel
approach that is based on dynamic weight loss functions to
modulate unbalanced data and improve diagnostic accuracy
by focusing on misclassification of a small sample number.
Results: The proposed approach employs a 1D-CNN model and
an ensemble-learning-based convolution neural network (EL-
CNN) to enhance diversity of models, and complementarity of
feature learning. The EL-CNN model addresses the problem
of local features being overlooked and provides more accurate
results. Conclusions: The effectiveness of this proposed approach
is well demonstrated through experimental cases on real wind
turbine pitch system fault data. Two different networks using
three different loss functions and three state-of-the-art fault
diagnosis models are tested, demonstrating the EL-CNN model’s
superiority.

Index Terms—Fault diagnosis; Deep learning; Imbalanced
data; Ensemble learning; Wind turbine; Loss function.

I. INTRODUCTION

The wind power has grown rapidly, resulting in a significant
increase of wind turbines (WTs) that are installed. The pitch
system, which is responsible for regulating the output power
of the fan and controlling the safe braking of the blades, has
a fault frequency of up to 35% due to frequent switching of
working conditions and mechanical actions. It is crucial to de-
velop effective fault diagnosis and detection means to enhance
the reliable operation as well as reduce maintenance costs of
WTs. Several studies (e.g., [8], [33], [49]) have emphasized the
importance of accurately identifying and promptly addressing
faults in the pitch system.

So far, most scholars have focused on studying wind turbine
(WT) fault diagnosis based on various signals, including
vibration signals [5], [19], acoustic emission (AE) signals
[40], lubricating oil parameters [34], and others. For instance,
multi-scale convolutional neural networks (CNNs) have been
proposed in [19] that leverage fault features in originally
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sampled vibration signal to diagnose faults in WT gearboxes,
exhibiting excellent results in diagnosing faults in critical
WT components such as generators [2], blades [42], and
gearboxes [22]. However, it is important to note that, all
these methods often require installation of some additional
sensors, e.g., vibration or acoustic emission sensors, as well
as specific data acquisition equipment. Such equipment can
be costly and may adversely impact the fault diagnosis of
the WT if not installed correctly. With the mature of data-
driven fault diagnosis methods and the popularity of WT
supervisory control and data acquisition (SCADA) systems,
it is quite necessary to develop more convenient and efficient
fault diagnosis methods capable of leveraging existing data
sources.

Deep learning has found widespread application in various
industrial fault diagnosis fields, thanks to its excellent feature
extraction and learning capabilities [3], [4], [10], [30], [31],
[37], [45], [50]. When dealing with raw fault monitoring
data, deep learning is a multi-hidden layer feature-learning
approach that easily extracts fault features from available
raw data, thereby enabling accurate fault classification [6],
[29], [46]. Presently, many scholars have utilized deep neural
networks for fan fault diagnosis, obtaining promising results.
For instance, in [28], a deep reconstruction WT anomaly
detection method has been put forward based on the triplet-
convolutional deep autoencoder.

The time scale characteristics of WT monitoring data have
recently drawn much attention in the area [39], [43], [44]. For
example, in [26], a hybrid model has been proposed for pre-
dicting the power of WTs, where the isolated forest algorithm,
the synchronous squeeze wavelet transform method, the aquila
optimizer, and the long short-term memory network have been
integrated together. A new method has been proposed in [21]
that combined gated recurrent units (GRUs) with convolutional
neural networks (CNNs) by comprehensively considering the
spatial and temporal features in the data, and established a
model that could effectively detect abnormal data. A threshold
self-setting health condition monitoring approach has been
developed in [7] based on deep convolutional generative
adversarial networks, which has been used for defining a self-
setting threshold to monitor WT generator bearings. In [15],
the deep residual shrinkage network (DRSN) and the auxiliary
classifier generative adversarial network (ACGAN) have been
combined to establish a two-layer diagnosis model dedicated
to the main bearings of WTs, which could significantly en-
hance classification accuracy of WT bearings’ main faults in
noisy environments and have strong diagnostic capabilities in
different load states of the data set.
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Currently, there exists a significant imbalance between nor-
mal and fault samples in industrial equipment fault diagnosis,
which is also prevalent in the data from WT SCADA sys-
tems. Since most of the data collected is normal operation
data, directly training the model on this data leads to a
drastic reduction in its accuracy. Optimization methods to
address unsatisfactory classification due to sample imbalance
are generally divided into three types: data processing level
optimization, algorithm level optimization, and mixed data
and hybrid optimization [41]. In the field of deep learning,
a special research interest has emerged in combining data
processing level optimization with improved loss functions to
reduce the adverse classification effects caused by imbalanced
data sets [11], [14]. To better utilize the limited fault data,
this article proposes a lightweight and effective multi-branch
network structure for extracting and learning different features
using a new and novel loss function to improve diagnosis
capability of faults impacted by imbalanced data sets.

The main contributions are as follows. 1) A new feature
learning model is proposed that enhances diversity and com-
plementarity of feature learning through parallel branching.
This model can effectively learn features at different levels
of the network, address the issue of gradient disappearance
during backpropagation, and improve the accuracy of fault
classification. 2) A dynamic weight loss function-based mod-
ulation strategy for imbalanced data is proposed, which can
dynamically adjust the weights of misclassified samples during
training based on the prediction probability of the model
output. This approach enables the model to adjust the sample
weights for different classification difficulties and solves the
problem of low classification accuracy in imbalanced datasets.
3) Experiments on a real SCADA WT pitch fault dataset
demonstrate method effectiveness in accurately classifying
real-world imbalanced datasets. We provide a validated diag-
nostic model for real WT pitch faults.

Section II provides the theoretical backgrounds and Section
IIT proposes the EL-CNN model and the modulation strategy
for imbalanced data. Section IV validates method effectiveness
and superiority using real WT pitch fault data. Lastly, Section
V concludes this article.

II. THEORETICAL BACKGROUND
A. Convolutional Neural Network

A CNN is a hierarchical model comprising deep con-
volutional layers that take feature representations as inputs
and generate a new set of feature representations in the
output fusion acceptance domain. Nonlinear functions are used
to model the output features, and a linear combination of
complex feature representations can be modelled as input.
A typical CNN is composed of pooling layers, cross-stacked
convolutional layers, and fully connected layers, where the
role of a convolutional layer is to extract local features, and
different convolution kernels act as various feature extractors.
The convolution process is expressed as a filter that extracts
features without losing versatility:

M
as = f <Za§1 * ki +b§.> (1)
=1

where aé- is the jth feature map of the [ layer, aé-:ll is the
(j—1)th feature map at layer [—1, M is number of features of
[ —1 layer, * is a convolution operation, k;; is the convolution
kernel weights of the ith feature of layer [ — 1 and the jth
feature of layer [ , b is the deviation of the jth feature map at
the Ith layer, f(-) is a nonlinear activation function, & and b
are parameters fine-tuned in back propagation at training time.

The input features are downsampled through the pooled
inner layer in the pooling layer to reduce data dimensionality
and further feature extraction. This process reduces the number
of parameters. Typically, pooling operations are implemented
using either the maximum pooling function or the average
pooling function. The maximum pooling function captures
the most salient features of the input data, while the average
pooling function holds local information about input data.
They can be described respectively as follows:

O = max{Cjxk : (j +1) x S} (2)
O, = average{Cjxx : (j +1) x S} 3)

where O,, and O, are the outputs of the pooling layer, and
S is step.

The fully connected layer is typically positioned after
several pooling or convolutional layers and for subsequent
classification, is used to map multidimensional features that
are extracted by previous layers to a vector label space. The
Softmax function is then used to calculate the relative prob-
abilities between different classes. A classical CNN structure
is illustrated in Fig. 1.
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Fig. 1. IDCNN framework

B. Efficient Channel Attention Mechanism Module

The attention mechanism has been proven to enhance the
performance of deep-CNN models effectively. It originated
from the field of visual cognitive science, where researchers
found that humans pay more attention to target details and sup-
press otherwise useless information while performing visual
tasks such as reading and observing. The attention mechanism
in deep learning operates on a similar principle. It aims to
make the model focus on crucial features and ignore irrelevant
ones, improving the model’s convergence speed and accuracy.
This technique has achieved remarkable results in object
detection, semantic segmentation, and formal explicit [16].
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The efficient channel attention (ECA) strategy is a local
cross-channel interaction approach that does not require di-
mensionality reduction and has the effect of attention mech-
anism on model performance improvement [35]. It also has
the advantage of compressing the number of parameters,
making it suitable for improving the performance of 1D-CNN
models. By applying ECA modules on local cross-channels,
the range of interactions can be adaptively adjusted in the
module, greatly improving the time cost and computing re-
source consumption caused by manual parameter optimization.
The ECA module structure, as shown in Fig. 2, first obtains
accurate features through global average pooling. Then, the
channel weight is gained by performing one-dimensional fast
convolution of size k, and k can be determined adaptively
based on the mapping relationship between k and C. The
principle behind this is that there is a correlation between
the designated interaction range (i.e., the one-dimensional
convolution kernel size K) and the channel dimension C"

C = (k) “)

Assuming that the mapping function is p(k) = v X k + b,
however, this linear relationship is not adequate to represent
feature number as filter number is typically set to a power of
two. To account for this nonlinearity, ¢ (k) can be extended to
a nonlinear function

C = (k) = 207F+) )

For a given number of channels C, we can easily obtain an
adaptive size of k£ (5) as follows:

log,(C) + E
gl gl

where [t ,, denotes the nearest odd number of ¢. Clearly,
the ECA module allows for a wider range of interactions in
high-level channels, whereas low-dimensional channels utilize
nonlinear mappings for shorter-range interactions.

k=¢(C) = (6)

odd

III. PROPOSED METHOD
A. EL-CNN

In recent years, combining deep convolutional neural net-
works and ensemble learning has become a hot research

Fig. 2. Structure of ECA module

topic among scholars [9], [23], [32], [47]. By integrating and
filtering the learning results from several different models, the
overall accuracy of the decision can be improved, resulting
in a more robust classifier. A novel feature-level integration
learning approach is proposed that extracts branching feature
learning results from an intermediate layer based on the
traditional 1D-CNN network of horizontal longitudinal depth.
The EL-CNN is then constructed by converging in the final
fully connected layer, allowing for multi-level feature fusion
to achieve sufficient feature extraction and learning. This
enables the model to capture feature information from raw data
and learn it through multiple receiver domains with different
network structures, providing a reliable and accurate basis for
the final classification. Such a network structure offers several
benefits as follows.

1) The complexity of the model can be increased without
the need to deepen the network architecture, and parallel
branching with ECA can better prioritize feature learning
without adding more trainable parameters.

2) The introduction of parallel branches allows the leading
convolutional layer to be directly connected to the final
fully connected layer, effectively resolving gradient dis-
appearance problems during backpropagation due to long
network depth.

3) The output of the different branches combines the learn-
ing results of multiple receptive fields, effectively solving
the problem of too small receptive fields of the convo-
lutional kernels in the deep convolutional layer, allowing
for sufficient feature learning.

In each channel of the branch, an ECA module is introduced
to enhance accurate feature extraction, and convolutional lay-
ers in each branch are expanded with filters of different sizes to
increase diversity. Choosing appropriate convolutional kernel
sizes from front to back layers, their different sensitivity to
features is utilized to achieve a complementary effect. The
WT pitch fault data collected by the SCADA system used in
this article are all one-dimensional data, and the models are
designed to be lightweight to prevent any adverse effect or
over-fitting caused by complex models.

The branch structure is shown in Fig. 3. Each branch starts
after the pooling layer of the backbone network and uses
convolutional layers with different kernel sizes to vary the
size of the receptive domain for diversity learning. The ECA
module accurately captures important features, and the final
output is obtained by integrating multiple features.
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Fig. 3. Structure of Branch
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Fig. 4. Structure of the EL-CNN Model

TABLE 1. The Network Structure Parameters of EL-CNN

Layer Operator Filter Kernel Activation  Padding

C1-C5 ConvlD 16;32;64;32;8 1:3;3;2:1 Relu same

P1-P5 Maxpool1D 2:2:1;2:1 same
BranchC1-C4 ConvlD 8:8;16;16 1;3:5;7 Relu same
BranchP1-P4 Maxpooll1D 2:2:2:2 same

TABLE II. The Parameters of Classifier

Layer  Operator  Size  Activation
D1 Dense 16 Relu
DR2  Drop Out 0.5 /
D2 Dense 32 Relu
D3 Dense 6 Softmax

The overall network architecture is shown in Fig. 4 consist-
ing of a multi-layer CNN network, with each convolutional
and pooling layer as a separate sub-module. The branches are
connected to the classifier at the end of the network via a
Flatten operation. Different branches and different convolu-
tional and pooling modules use different receptive field sizes
to ensure that the features are fully learned. The ECA module
in the branch models the correlation between the fused feature
channels to learn feature weights under different channels,
which makes networks more focused on features with valid
information.

It should be noted that, in Fig. 4, this model has a backbone
and several parallel branches, which can be used to increase
the diversity of the model. Each parallel branch outputs
features learned on different size receptive domains, allowing
the integration of global features while maintaining a focus
on local features. Additionally, errors can be back-propagated
not only through the backbone network but also through
the branches, ensuring that parameters at each network layer
are updated in a timely manner and resolving the problem

of gradient disappearance when the backbone network is
too deep. The EL-CNN model used in this article has five
convolutional pooling blocks in its backbone network and four
branches.

B. Imbalanced Data Modulation Strategy

1) Review of cross-entropy loss: In multiclass classification
problems, the categorical cross-entropy (CE) loss function
is commonly used as a measure of classification accuracy
error. The training set with n samples is denoted by D =
{(xi,yi)}i=y C RY x R, where x € R% represents the
feature space and y € R% represents the label space. For
each data instance, x; € X is the input feature vector and
yi € Y = {(1,2---,n)} represents the ground-truth class
label. The parameter set 6 is learned on the map f: X — Y
by minimizing the loss L(f(x;,8),y). Consider a hypothesis
(classifier) from a parametric family F := {fy : R% x
R |0 € ©}. As the Softmax layer is the output layer in the
CNN classification model, the categorical CE loss of the CNN
classification model can be defined as:

L(f(i0).0) = — S0 wislos(fs(@i0) ()

i=1 j=1

where 0 is the set of parameters of the classifier, ¥;; is the jth
element of one-hot encoded label, f;(x;,0) € R is the model
output with f; denoting the jth element of f, and n is the
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sample size. Since the output layer is Softmax, > f;(z;,0) =

j=1
1 and f(x;,0) > 0,Vi,7,6. ’

2) Dynamic Imbalance Loss: During the training of a CNN
model, the weights are updated by backpropagating the error.
Howeyver, in the case of imbalanced data in multi-classification
problems, the distribution of the data across categories may
be uneven, causing the classifier to be biased towards the
more dominant categories. This bias makes it challenging to
classify the few samples that are already difficult to classify
accurately. Additionally, as the training process continues, the
CE loss can overlook the backpropagation of training errors for
minority samples. In industrial settings, it is common for the
faulty samples to be much fewer than the normal samples. To
address this phenomenon, focal loss (FL) has been proposed to
modulate the imbalance phenomenon in the training process.
FL is based on CE, with the added effect of reducing the
weight of most samples and focusing on training the few
samples that are difficult to classify accurately [27]. The FL
is defined as follows:

L(y,p) = —a(1 — p1)” log(pt) ®)
_Jor it y=1
Py = { 1—p otherwise ®

where « is used to modulate the sample weights. In the clas-
sification training process, a small number of target categories
increase their weights, allowing the misclassified samples to
increase their weights. P, reflects the ease of classification
of the sample. The v modulation can increase the weights of
misclassified samples while reducing the weights of correctly
classified samples, thereby addressing the challenge of classi-
fying a small number of samples accurately.

Inspired by FL, a class of dynamic disequilibrium loss
functions (DL) is proposed in this article, which dynamically
adjusts the classification loss based on the classification results.
The predicted probability of the classification is used as the
basis for dynamic adjustment, while the number of layers of
the network model is used as a fixed modulation method.
For a multi-classification problem, an ensemble of predicted

probabilities for different categories is given by
P:{P17P27"'Pn717P’n.} (10)

The probability that the prediction of class 7 in a multi-
classification passes the Softmax classifier can be expressed

T _eoie)
; exp(f;(z;0))

i=1,2---,n (11

The predicted probability of a model is used as an initial
reference to measure classification accuracy. A non-linear
function Sigmoid is designed to reflect changes in predicted
probabilities, and the results of this mapping are used as
a weight for dynamically modulating the sample imbalance

error:
1

Wd - 1 —+ e(Pp7‘ed71)

12)

where P,..q € P. Here, the value of P is determined based
on the following principles: for a given sample X, if its

corresponding output label is 1, the corresponding output
prediction probability P; is used; if the label is 2, then the
corresponding output prediction probability is P», and so on
for all output labels up to n. The prediction probability for
class ¢ is calculated using equation (11) after training, and then
mapped to dynamic modulation weights using equation (12).
The resulting dynamic modulation is reflected in the varying
dynamics of the prediction probabilities during each training
session, as well as in the probability correlation with other
categories.

The choice of the Sigmoid function as the mapping rela-
tionship for the predicted weights is made based on two main
considerations.

1) The smooth and bounded curve of the Sigmoid function
ensures that the weights do not change abruptly during the
training process, promoting steady and smooth decrease
in the loss value.

2) The fact that Sigmoid mappings are monotonically in-
creasing over the value domain [0, 1] is another important
factor in regulating weight reallocation. This ensures that
the range of weight variation is not too large.

In addition, a fixed adjustment is also made for branching
losses in the EL-CNN model. Together, these adjustments are
expressed as follows:

1 C—p+1
Wd = <1 _l’_ea'(PpTedl))

where C' represents the number of branches, § represents
the number of layers in the current branch, 7 represents the
category of the current classification, and a is an artificially
set parameter. This formula assigns more weight to relative
predicted probabilities when the predicted probability of a
small number of sample outputs is small, effectively redis-
tributing results across different predicted values. Additionally,
fixed adjustments to the number of layers in the network can
equalize loss values and increase the speed of convergence.
The loss function with weights attached can be expressed as:

13)

1 N C
Lp.y) = g > > Walog(ply = ila:)) (14

i=1 a=1

where N represents the sample size, y is the true value of
the sample, p is the probability when the input is x; and the
output prediction label is y; (that is, P,..q). The algorithm for
dynamic adjustment of losses is outlined in Algorithm 1.

IV. EXPERIMENTS

In this section, we demonstrate the effectiveness of our
method by validating pitch fault data collected by real
SCADA. The hyperparameters regarding the focus loss are
illustrated as follows: aw = 0.5 and v = 2. The deep learning
framework employed is Keras, with TensorFlow serving as the
backend engine. The computer processor utilized is Intel(R)
Core 15-5200u-CPU @2.20Ghz, and the CNN models are con-
structed using Python in the Keras environment.
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Algorithm 1 Training Algorithm of Dynamic Imbalance Loss
1: Initialize z; = [z}, 22, -+, 27T as model input
2: The EL-CNN model is trained to obtain multiple classifi-
cation prediction probabilities:

lexp(f1(xi;0)),- - ,exp(fe(zi;0))]
; exp(fj(zi;0))

P, =

3: The dynamical weights are obtained by substituting the
initially obtained prediction probabilities into equation
13)

4: Use equation (14) to calculate the loss L(P,,y)

5: Repeat steps 3-4 until the maximum epoch is reached

6: The final predicted probability P about the set of label
vectors y; € Y = {(1,2---,n)} is the optimal result

TABLE III. SCADA Data Variables

Variable Name
Generator active power
Generator reactive power
Grid active power
Grid reactive power
Paddles set angle
Paddle A pitch angle
Paddle B pitch angle
Paddle C pitch angle
Paddle A pitch torque
Paddle B pitch torque
Paddle C pitch torque

:Ecoo\lc\lﬁ-hwl\)'—g

A. Wind Turbine Pitch SCADA Fault Data

We validate the effectiveness of our method using real
SCADA data collected from a 4MW DC-driven hydraulic
wind turbine at a wind farm in Shanghai, China. The dataset
includes various types of fault data for the wind turbine pitch
system from July 2022 to January 2023, comprising a total of
18,000 data samples. The data consists of normal operation
and fault data within 10 seconds before and after the fault,
with an average sampling rate of 10ms. The operational data
includes generator active power, generator reactive power,
pitch angle, pitch torque, etc., while the status data includes
normal operation and fault status codes, reset time stamp
records, etc. The specific data names and variables are listed
in TABLE III and TABLE IV.

Unfortunately, the raw SCADA data cannot be used for
training immediately as the system directly saves the data
before and after 10 seconds, and the data recorded after each
fault is not all fault data since the operating status returns
to normal when the fault is removed. Therefore, using the

TABLE IV. 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

data recorded before and after 10 seconds directly leads to
abnormal variable correlation and poor diagnostic results.
After filtering, we retained 3000 sets of normal data and five
different types of fault data, each with an imbalanced ratio to
the normal data: 842 sets, 1536 sets, 440 sets, 742 sets, and
440 sets. Each data sample contains 11 variables, with 80%
used as the training set and 20% as the validation set.

Due to the limited amount of collected data, we use
overlapping sampling to expand the dataset without altering
the original data. The main parameters for overlapping sam-
pling are the window size and stride. Assuming 1000 data
points, with a training sample length (sliding window) of
200 and a step size of 1, the number of samples obtained
is (1000 — 200)/1 4+ 1 = 801, which is calculated according
to the following formula:

total_point — window_size

sample = +1 (15)

stride

TABLE V. Performance Metric and Calculated Expression

Performance Metric Calculated Expression

TP

Precision

TP+FP
TP
Recall TBIFN
fl-score 2(precision Xrecall)

precision+recall

. .. >k TP
Micro-Precision(MIP) m
. E ? =1 TrP;
Micro-Recall(MIR) SECGP PN
E 2(MIPxMIR)
-score NIPTMIR
SF ) (TP+TN;)

Accuracy Sk (TP+TN;+FP;+FN;)

B. Performance Metric

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 calculation formula is given in TABLE V,
where TP, TN, FP, and FN refer to true positives, true nega-
tives, false positives, and false negatives in class ¢, respectively.
k represents the number of classes being classified.

C. Contribution of Dynamic Loss to Categorical Performance

In this subsection, we examine the impact of DL on the
performance of fault classification. We compare the loss curves
of three models: CNN-CE, CNN-FL, and CNN-DL, which
use CE loss, FL, and DL respectively on the CNN model,
to validate the improvement effect of DL on the conventional
model. We also use the same three loss functions separately
on EL-CNN to verify the performance improvement of DL.
As shown in Fig. 5, CE loss does not pay much attention to
the misclassification of unbalanced data during the training
process, resulting in high error from the beginning of training



REVISED

Validation Loss
=== Train_Loss

Loss

it S,

0 10 20 30 0

Epoch

(a) CNN-DL

: Validation Loss
=== Train_Loss

Loss

Epoch

(b) CNN-FL

Validation Loss
=== Train_Loss

Epoch
(c) CNN-CE

Fig. 5. Training loss and validation loss curves on CNN model

that remains at about 0.8 until the end of the training. However,
FL and DL can effectively solve the problem of excessive
error. DL uses the predicted value probability of the classifi-
cation output as a modulation factor to improve the attention
to misclassification, and effective weight redistribution of
samples can be carried out from the beginning to the end
of training to reduce the impact of unbalanced proportion on
classification. FL curve and DL curve in Fig. 6 show that DL
can be modulated more effectively than FL.

We also verify the effect of different loss functions on the
proposed EL-CNN model. The results show that DL has a
significant advantage over CE and FL. The low error is main-
tained throughout the training process, ultimately modulating
the loss to a smaller value, providing a good basis for accurate
classification and increasing the convergence speed of the

Validation Loss
=== Train_Loss

Loss
T

Epoch

(a) EL-CNN-DL

Loss

(b) EL-CNN-FL

Validation Loss
=== Train_Loss

Epoch
(¢) EL-CNN-CE

Fig. 6. Training loss and validation loss curves on EL-CNN model

whole model on a network of the same magnitude.

Fig. 7 compares the accuracy using three different loss
functions on CNN and EL-CNN models. When the models are
the same, the dynamic imbalance loss significantly improves
the classification accuracy. Through the above analysis, we
can prove that the dynamic unbalanced weight modulation
strategy has a prominent contribution to the classification of
unbalanced data.

D. EL-CNN Contribution to Categorical Results

In this subsection, the effectiveness of the EL-CNN model
in fault classification is verified by comparing the classification
results of six sets of experimental cases using two evaluation
metrics, namely Accuracy and F-score. Additionally, the t-
distributed random neighborhood embedding (T-SNE) tech-
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nique is used to visualize final output distributions, providing a
more intuitive representation of the final classification results.
In Fig. 8, it can be observed that the change in network
architecture has significantly improved the classification of
several different faults, and the misclassification phenomenon
has been significantly reduced. However, a poor clustering
effect is still present in cases (b) and (d). This issue is
effectively improved in the scatter plot of classification results
from the DL-based EL-CNN model, and this is attributed
to that the DL incorporates a computational trick of finding
the mean value based on the layer number of networks,
improving the situation where the presented clustering effect is
not significant due to the increased complexity of the network.

Regarding the training process, Fig. 5 and Fig. 6 showed
that around the tenth round of training, the loss using the EL-
CNN model was significantly reduced compared to that with
the CNN model. As the EL-CNN model solves the problem
of gradient disappearance, we find the training and validation
losses fall more smoothly and in better agreement when using
the same loss function.

/ < - -
(2) CNN-CE (b) EL-CNN-CE
: ~ N
\ N °
/ ~ a—— 18 ® co— °
1 3 /
. _— ~ ..
(c) CNN-FL (d) EL-CNN-FL
o -’ —
. S~ T . v -
T O, N~ -
(e) CNN-DL (f) EL-CNN-DL

Fig. 8. Scatter plots of different experimental results on a two-
dimensional space
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Fig. 9. Confusion Matrices

In addition, we have introduced a new evaluation metric, the
F-score, for classifying unbalanced data. A comparison of the
accuracy and F-score of the six experimental sets described
above is presented in Fig. 10. From the results, we can
observe that the F-score of the EL-CNN model using dynamic
imbalance loss is 0.9967, which is significantly higher than the
scores of the other five experiments. The confusion matrix
for the classification effect is shown in Fig. 9, where the
diagonal elements indicate the number of correctly predicted
categories. The models that used DL had higher values on
the diagonal elements than the results for the remaining four
groups, indicating that DL has a significant improvement
in the classification of unbalanced data. Moreover, the EL-
CNN model with the same loss function showed significant
improvements for the misclassified categories. The analysis of
the results confirms that our proposed method can significantly
enhance the fault classification accuracy of unbalanced fault
data.

E. Comparison Experiments with Different Networks

To demonstrate method effectiveness, we conduct compara-
tive experiments with several state-of-the-art 1D-CNN models.
During the training process, we use the Adam algorithm to
minimize the loss. The following models are evaluated:

(1) MSResnet: a multi-scale residual network based on 1D-
CNN, which enhances the model’s feature learning capability
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by extracting spatial multi-scale features of SCADA data for
WT fault diagnosis [17].

(2) SC-1DCNN: a self-calibrated 1D-CNN based on a fault
diagnosis model that can learn shared features from data while
considering marginal and conditional distributions [24].

(3) IDCNN-RF: a 1D-CNN model based on the random
forest algorithm, which uses an improved random forest al-
gorithm on the final classifier to optimize the classification
results [25].

(4) EL-CNN: the model of this article.

In addition, the conventional 1D-CNN model is utilized as
the baseline.

Fig. 11 compares the classification F-scores of the five
different models on each type of fault. The EL-CNN model
achieves accurate classification on several fault types with a
minimum classification score of 0.9899. Compared to other
models, it shows more consistent performance in terms of F-
score. The overall classification score and accuracy in Fig. 12
indicate that the EL-CNN model outperforms several other
methods, achieving significantly better F-score and accuracy.
The MSResnet model also shows better classification results,
but is less effective than the EL-CNN model in classifying
single faults. The IDCNN-RF model scores higher on the
four single fault classifications, but has some shortcomings
in scoring lower on the other two fault classifications. The
SC-1DCNN model outperforms the traditional CNN model
only in fault diagnosis classification using SCADA data single
classification score and overall score. Regarding the effect of
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Fig. 12. Overall diagnosis performance of SC-1IDCNN, 1DCNN-REF,
MSResnet, and EL-CNN on operational SCADA data in terms of
Accuracy and F-score
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Fig. 13. Confusion matrices of different methods.

the diagonal distribution in the confusion matrix in Fig. 13, it
is clear that the EL-CNN outperforms several other recent fault
diagnosis models in terms of multi-fault classification. Overall,
our approach has significant advantages in the application of
realistic WT pitch fault data.

V. CONCLUSION

In this article, a new feature learning model called EL-CNN
has been proposed, which enables the learning of local and
global features at different network levels to improve model
accuracy. The accuracy of fault classification has become
better by using the ECA module to accurately capture
valid features on different receiver domains. To address the
challenge of imbalance in fault data, a dynamic imbalance
loss based on the probability of output prediction values
has been proposed, which effectively solves the problem
of misclassification with small sample size during training.
Experimental results comparing with several recent 1D-CNN
fault diagnosis models have shown considerable advantages of
EL-CNN in fault classification of unbalanced data. Excellent
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F-score and Accuracy have been demonstrated in the overall
fault classification, and stable F-score values have been
shown in each single fault classification. Valid fault features
have been extracted from real SCADA WT pitch fault data
to accurately classify WT pitch faults, and the results have
indicated high practicality for WT pitch fault diagnosis.
In the future, we will focus on corresponding research
directions, including but not limited to: 1) designing advanced
control strategies for fault diagnosis [20], [38]; 2) Applying
evolutionary computation methods to automatically tune the
hyperparameters [12], [48]; 3) deploying the proposed method
to other fault diagnosis and defect detection problems [13],
[36]; and 4) developing new fault diagnosis methods for wind
turbine pitch [1], [18].
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