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Integrated Multivariate Time Series via MCNN-
LSTM for Wind Turbine Fault Diagnosis
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Abstract—Wind turbine (WT) fault diagnosis using superviso-
ry control and data acquisition (SCADA) data is challenged by
severe class imbalance, which deteriorates the recognition of mi-
nority class. To address this issue, a spatiotemporal feature ex-
traction framework from integrated multivariate time series
(IMTS) is proposed, with coordinated designs in data represen-
tation, model architecture, and loss regularization. First, a dual-
label IMTS is constructed to fuse multi-source SCADA data via
sliding windows. Second, a spatiotemporal feature learning ar-
chitecture is developed by integrating a multi-scale convolution-
al neural network (MCNN) and a stacked long short-term mem-
ory (LSTM) network and designing the MCNN-LSTM model.
Finally, an improved weighted cross-entropy loss is proposed,
which incorporates kernel density estimation-based sample
probabilities as regularization, thereby directing model atten-
tion toward minority and hard-to-classify samples. Experimen-
tal results on a real SCADA dataset demonstrate that the pro-
posed MCNN-LSTM model achieves a Macro-recall score of
0.943 and a G-mean score of 0.942, outperforming comparison
models in comprehensive performance.

Index Terms—Wind turbine (WT), fault diagnosis, integrated
multivariable time series (IMTS), spatiotemporal feature, cross-
entropy loss, multi-scale convolutional neural network (MCNN),
long short-term memory (LSTM).

1. INTRODUCTION

ORLDWIDE installation of wind turbines (WTs) has
increased significantly over the past decades due to
the clean and sustainable advantages of wind energy over tra-
ditional sources. As most WTs are installed in remote island
and coastal areas, they are subjected to harsh operation envi-
ronments and limited maintenance [1]. Consequently, WTs
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are more prone to faults after a period of operation com-
pared with traditional hydropower and thermal power genera-
tors. Unexpected faults may disrupt normal operation, even
lead to prolonged downtime, seriously affecting power gener-
ation and incurring operation and maintenance costs. There-
fore, accurately identifying and maintaining WT faults in a
timely manner are of great significance for reducing opera-
tion and maintenance costs and improving economic bene-
fits [2].

In recent years, data-driven fault diagnosis methods have
attracted increasing research attention. These methods at-
tempt to identify faults by mining fault-related information
from WT condition monitoring data [3]. For example, [4]
presented a conditional variational generative adversarial net-
work (GAN) for WT bearing fault diagnosis. Reference [5]
proposed an adaptive deep learning method for WT gearbox
fault diagnosis. Reference [6] proposed a WT bearing fault
diagnosis method based on variational mode decomposition
of parameter optimization and multi-feature fusion. Refer-
ence [7] proposed a skewness-driven deep learning method
for diagnosing DC-link bus faults in WT using rotor and sta-
tor currents. These methods have demonstrated excellent per-
formance in fault diagnosis of critical WT components such
as the gearbox, blade, and generator, relying on vibration sig-
nals, acoustic emission signals, and high-frequency current
signals. However, not all WTs can provide these signals, as
installing specialized sensors such as accelerometers and
acoustic emission sensors requires additional investment.

Alternatively, most current wind power manufacturers
have employed supervisory control and data acquisition
(SCADA) system to continuously monitor the operation sta-
tus and performance of WTs. A typical SCADA system usu-
ally records a substantial amount of sensory data, typically
with sampling intervals ranging from 1 s to 10 min. These
data collected at fixed intervals essentially form continuous
time series, making temporal dependency a fundamental attri-
bute of SCADA data. Over time, this accumulates a signifi-
cant volume of operation data of WTs. These data contain
meaningful monitoring and diagnostic information related to
the health status of the WTs [8]. Consequently, data-driven
fault diagnosis methods utilizing SCADA data have attracted
increasing attention in recent years since no additional sen-
sors or data acquisition devices are required. Among these,
fault diagnosis methods based on deep learning algorithms
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have garnered significant interest due to their ability to per-
form nonlinear representation and automatic extraction of
fault-related features from massive data. For example, [9]
and [10] combined deep learning with attention mechanisms
to extract fault features from SCADA data for WT fault diag-
nosis. Reference [11] employed a long short-term memory
(LSTM) network to model temporal dependencies in SCA-
DA data and proposed a WT operation status calibration
framework that integrated deep learning with fuzzy compre-
hensive evaluation to detect potential gearbox faults.

Beyond the intrinsic temporal dependencies in SCADA da-
ta, the cross-variable spatial correlations are equally critical
for diagnosis. These interdependencies arise from the inter-
connected physics of WT subsystems, leading to observable
correlations such as those between wind speed and power
output, or between shaft speed and bearing temperature.
Such systemic relationships across variables are convention-
ally termed as spatial features [12], [13], as they reflect how
faults propagate through the spatially distributed assets.
Therefore, numerous diagnostic methods have focused on
constructing models capable of learning these spatial fea-
tures for accurate fault diagnosis and localization. Reference
[14] considered the potential spatial relationships between
variables and proposed a WT fault diagnosis method based
on an improved convolutional neural network (CNN). Refer-
ences [15] and [16] combined CNN and LSTM to improve
the accuracy of WT fault diagnosis by learning spatial and
temporal fault features from the raw SCADA data.

Although the deep learning-based WT fault diagnosis
methods have achieved good performance, most of them as-
sume that the number of different samples is roughly the
same. However, it is crucial to acknowledge that WT faults
occur as sporadic events, with varying probabilities among
different fault types, and failed WTs cannot operate for long
periods. As a result, the SCADA data contain significantly
fewer fault samples than normal samples, and the quantities
of different fault samples also differ substantially [17]. Train-
ing data imbalance can lead to bias in fault diagnosis models
since knowledge derived from abundant data tends to domi-
nate the training process, particularly favoring the majority
class. Therefore, data imbalance is a widespread problem in
practice and can negatively affect the fault diagnosis of WTs.

To alleviate the bias in fault diagnosis caused by imbal-
anced training data, researchers have conducted extensive re-
search at both the data level and model level. At the data
level, data generation methods are mainly used to balance
the number of samples from different classes participating in
iterative training. Reference [18] used the synthetic minority
oversampling technique to relieve the data imbalance prob-
lem. Reference [19] introduced a weakly supervised learning
framework for oversampling to generate minority samples.
Reference [20] adopted a GAN to generate a small number
of samples to mitigate the influence of imbalanced data on
WT fault diagnosis. References [21] and [22] further devel-
oped different GAN-based models, attempting to improve
the accuracy of WT fault diagnosis with insufficient fault
samples by enhancing the similarity between generated data
and real data. Experimental results have demonstrated the ef-
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fectiveness of these models in mitigating classification bias
caused by imbalanced data through data generation. Howev-
er, models trained on limited real samples for data genera-
tion are susceptible to overfitting, which often leads to low
diversity in the generated data and an inadequate representa-
tion of the underlying true distribution. Consequently, when
such data are combined with real data for fault diagnosis,
the reliability of the diagnostic results may be compromised.

Research at the model level focuses on adjusting the loss
function to improve the model learning ability for imbal-
anced data. Reference [23] proposed a CNN-based WT fault
diagnosis method, which combined cross-entropy (CE) loss
and Dice loss to increase the attention to minority samples
during model training. Reference [24] introduced a multi-
learner neural network equipped with a label-distribution-
aware margin (LDAM) loss to improve diagnostic accuracy
under imbalanced data. Reference [25] developed an adap-
tive weighted loss function to address data imbalance in ic-
ing detection of WT blade, combined with a spatiotemporal
attention model (SAM) for improved real-world perfor-
mance. Reference [26] employed a spatiotemporal multi-
scale neural network (STMNN) and replaced the standard
CE loss with focal loss to mitigate the dominance of majori-
ty samples. Reference [27] added a focal loss term to the
cost function of reinforcement learning to reduce the contri-
bution of easily classified samples to the total loss, and ex-
perimental results proved the effectiveness of this improve-
ment. The essence of loss function adjustment lies in rein-
forcing attention to minority samples by tuning the weights
during the model training process, aiming to mitigate the bi-
as toward certain categories. Compared with data generation
methods, the overfitting risk associated with introducing ad-
ditional generated samples is mitigated. As the training data
remain unchanged, minimal computational costs are incurred
and faster training is enabled. Inspired by these studies, this
paper proposes a spatiotemporal feature extraction frame-
work for WT fault diagnosis, especially under imbalanced
data.

To comprehensively explore the hidden information in
SCADA data, we develop an integrated multivariate time se-
ries (IMTS) based on sliding window sampling. Unlike vari-
able-wise processing that ignores spatial correlations [8] and
graph-based methods requiring predefined adjacency matri-
ces [28], IMTS explicitly preserves the physical spatial topol-
ogy of sensor networks through its matrix structure, enabling
effective identification of subsystem-level fault characteris-
tics by deep learning models. Its dynamic sliding window
strategy maintains complete fault evolution continuity while
diversifying training samples through contextual variations.
Notably, the dual-label IMTS synergistically combines glob-
al operation status labels with local fault type labels, simulta-
neously exploiting spatiotemporal feature fusion and mitigat-
ing class imbalance, thereby providing structured input for
subsequent feature extraction. In this paper, the majority
class presents the normal operation states of WT. The minori-
ty class presents faulty operation states of WT. A hierarchi-
cal model named multi-scale convolutional neural network
(MCNN)YLSTM is proposed for multiple classes of WT fault
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diagnosis based on IMTS. Compared with single-scale CNN-
LSTM model limited to fixed receptive fields [15], the pro-
posed MCNN-LSTM model uses an MCNN to extract the
spatial patterns from IMTSs at multiple scales, generating
prior probability estimates of overall faulty operation states
of WT. Concurrently, a stacked LSTM network is used to
learn the fusion information from individual sample within
the IMTS for precise state diagnose of the target sample.
Then, the prior probability estimates are used to correct the
diagnostic results to enhance the reliability. Whereas weight-
ed cross-entropy (WCE) loss and focal loss rely on static
weighting schemes, we develop an improved weighted cross-
entropy (IWCE) loss function that incorporates kernel densi-
ty estimation (KDE)-based sample probabilities as regulariza-
tion terms to dynamically adjust decision boundaries, there-
by enhancing model performance under imbalanced data.

The rest of this paper is organized as follows. Section II
provides SCADA data description and WT fault diagnosis
flow. Section III introduces the proposed MCNN-LSTM
model. Experimental verifications are presented in Section
IV. Finally, Section V draws the conclusions.

II. SCADA DATA DESCRIPTION AND WT FAULT DIAGNOSIS
FLow

A. SCADA Data Description

The SCADA system for a WT employs sensors distributed
throughout the unit to collect hundreds of operation parame-
ters. Supplementary Material A Fig. SA1 shows the common
sensor installation locations in WTs. Supplementary Material
A Fig. SA2 presents the exported condition monitoring data,
operation logs, and fault logs from the SCADA system. Col-
lectively, these three categories provide the research founda-
tion for anomaly detection and fault diagnosis in WTs.

Not all variables in SCADA data are relevant to fault diag-
nosis. Redundant variables hinder feature extraction and in-
crease computational costs, making the selection of discrimi-
native features essential. Component failures in WTs are typi-
cally preceded by gradual degradation, during which short-
term temporal dependencies such as evolving trends and tran-
sient patterns in the state data provide critical indicators of
incipient anomalies. Moreover, strong coupling exists be-
tween internal components. A fault in one component often
induces coordinated changes across multiple monitored vari-
ables. For example, a gearbox bearing fault may simultane-
ously affect oil temperature, bearing temperatures, rotational
speed, and current. Extracting these cross-variable spatial
correlations can substantially improve diagnostic accuracy.
Therefore, jointly leveraging temporal dependencies within
variables and spatial correlations among variables in SCA-
DA data is a key strategy for enhancing the performance of
anomaly detection and fault diagnosis in WTs.

B. WT Fault Diagnosis Flow

The WT fault diagnosis flow under imbalanced data is
shown in Supplementary Material A Fig. SA3, which con-
sists of four key stages. First, multi-source SCADA data un-
dergo feature selection and preprocessing to construct an
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IMTS sample set for model training, along with fault-specif-
ic sample set for distribution estimation. Each IMTS organiz-
es continuous multi-variable monitoring readings into a two-
dimensional (2D) matrix format, preserving both temporal
continuity and inter-variable dependencies. Each timestamp
within an IMTS is assigned a local label reflecting its opera-
tion state, while the entire sequence carries a global label in-
dicating whether any fault occurs during the monitoring peri-
od. Subsequently, an MCNN-LSTM model is constructed for
multi-class fault diagnosis. Within the model, MCNN and
stacked LSTM network interact by dynamically aligning spa-
tial and temporal representations, enabling deep fusion of
complementary diagnostic information, where spatial pat-
terns inform temporal analysis, and temporal patterns refine
spatial feature interpretation. Next, KDE-based sample proba-
bilities are employed to approximate the conditional probabil-
ity density functions (PDFs) of individual samples under giv-
en operation conditions, revealing the underlying fault proba-
bility distribution. Finally, the KDE-based sample probabili-
ties are incorporated as external evidence into the WCE loss
to form the IWCE loss. This formulation enhances fault diag-
nosis performance when dealing with imbalanced data.

III. PROPOSED MCNN-LSTM MODEL

A. Data Preprocessing

Data preprocessing plays a critical role in enhancing mod-
el performance, mitigating overfitting risks, and reducing
computational costs. The data preprocessing workflow for
the spatiotemporal feature extraction framework is illustrated
in Supplementary Material A Fig. SA4. Details of data pre-
process and feature selection are shown in Supplementary
Material B.

B. IMTS Sample Construction

Assume that m variables are determined for model train-
ing after data preprocessing and feature selection. Then, the
running logs provided by the SCADA system are combined
to assign labels to each piece of monitoring data using the
timestamp as the index. These labels are called individual la-
bels. Within these logs, different faults are uniquely encoded
as integers ¢ (c=1,2,...,K), while the data without recorded
faults in the logs are considered normal and encoded as 0.
The raw samples obtained through continuous sampling
from the SCADA system are referred to as individual sam-
ples to distinguish them from IMTS samples. A sliding win-
dow with a fixed length L is used to perform sliding sam-
pling on the labeled individual samples at a fixed rate Av,
thereby generating a series of IMTS samples. In addition, a
logical “OR” operation is performed on the individual labels
within each IMTS sample to determine whether it contains a
fault. If a fault is contained, the IMTS is marked as 1 and re-
garded as an anomaly sample; otherwise, it is marked as 0
and regarded as a normal sample. These labels assigned to
IMTS samples are referred to as global labels. The process
of IMTS sample construction is shown in Fig. 1, where X, is
an L xm matrix composed of L consecutive individual sam-
ples; Y, records the state of the L individual samples within
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X;; f; is the global label of the IMTS sample, indicating
whether the IMTS contains the fault (f,;=1) or not (f;=0);

and V, (n=1,2,...,d) is the n-dimensional monitoring vari-
able.

Timestamp ¢
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Fig. 1. Process of IMTS sample construction.

The supervised IMTS dataset D for WT fault diagnosis is
defined as:

D={(X,, Y.f)}h, (la)
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where N is the number of IMTSs; y,, is the local fault label
at time 7 in the i" IMTS; and x7, is the m" variable of the /"
(1</<L) individual sample in the i" IMTS.

The IMTS provides three key advantages. First, its matrix-
based structure explicitly preserves the physical spatial topol-
ogy of the sensor network. This structural inductive bias en-
ables the proposed MCNN-LSTM model to learn physically
meaningful spatiotemporal correlations, which are fundamen-
tal for accurate subsystem-level fault characterization. Sec-
ond, the dynamic sliding window not only maintains com-
plete state transition information before and after fault occur-
rences, but also significantly expands the effective training
dataset by combining identical fault samples with varying
contextual information, thereby enhancing the capability of
the proposed MCNN-LSTM model to generalize across dif-
ferent fault scenarios. Third, the dual-label IMTS is designed
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to fully exploit spatiotemporal characteristics embedded in
SCADA data, combining X, to train the MCNN and stacked
LSTM network, respectively. Specifically, the global label
guides the proposed MCNN-LSTM model to learn system-
level spatiotemporal correlations, while the local label focus-
es on extracting detailed fault related features. This dual-su-
pervision strategy not only promotes more comprehensive
utilization of spatiotemporal information but also alleviates
the impact of sample imbalance at the data level.

C. Architecture of Proposed MCNN-LSTM Model

1) Spatial Feature Learning Module of MCNN

CNN is a type of neural network structure designed to
simulate the visual process of mammals. Its local perception
and weight-sharing mechanisms make it effective in feature
extraction from 2D data. Therefore, it is widely used in ob-
ject detection and computer vision. However, various faults
exhibit different manifestations, and different faults may
need to be characterized at different scales [29]. Traditional
CNN uses fixed-size filters for feature extraction, which may
affect the discriminative representation of different faults be-
cause it cannot fully exploit the hidden information in the da-
ta. Based on [30] and [31], an MCNN is proposed to learn
distinctive features from IMTS.

MCNN introduces z filters with different sizes to perform
independent feature extraction on IMTS in different branch-
es, allowing the MCNN to naturally learn multi-scale fea-
tures from coarse to fine. Each branch of the MCNN con-
tains s convolution units, including multiple operations such
as convolution, batch normalization, activation, and average
pooling, which can be expressed as:

X =0(AveP(BN(Conv(X/, k) j=1.2,....z,a=1,2,....s

2
where Conv(") represents the convolution operation; BN(*) rep-
resents the batch normalization operation; AveP() represents
the average pooling operation; 6() represents the ReLU acti-
vation function; X is the 2D input of the a™ feature extrac-
tion unit; X is the output processed by the a™ convolution
unit in the j® branch; and k;=2(j—1)+1, which is the size of
the 2D convolution kernel in the j® branch. The 2D features
obtained through s convolution units can be converted into
1D vectors through the flattening operation. Subsequently, a
more informative and effective spatial feature representation
can be obtained through multi-scale spatial feature concatena-
tion and fully-connected layer processing.

S =Fe(X}, ®X,®... X)) 3)

where Fc(-) represents a fully-connected operation; @ repre-
sents the concatenation operation of vectors; Xl.f'j (G=12,...,2)
represents the features extracted by the ;™ branch through
the s™ convolution unit; and S, is the spatial feature obtained
through the MCNN, which is a 1 x m vector.

As can be observed from the illustration of multi-scale
spatial feature extraction based on the MCNN, the interac-
tion between the MCNN and stacked LSTM network is re-
flected in two aspects. On the one hand, the multi-scale S,
extracted by the MCNN will be fused with individual sam-
ples in the IMTS by a fully-connected layer and then fed to
the stacked LSTM network for further learning of spatiotem-
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poral features. On the other hand, the binary logit output
[z4.z,] can be obtained by performing a fully-connected lay-
er transformation on S, and the failure probability of IMTS
P, can be obtained through the softmax function as:

> exp(z, )

PUSD= e remptz,) @
where exp(-) represents the exponential function; fl is the pre-
dicted external label value of the i" IMTS; and z, and z, are
the logit scores for normal and abnormal IMTS, respectively.
The diagnosis of IMTS by the MCNN is a binary classifica-
tion problem. Therefore, binary cross entropy is used as the
loss function to ensure diagnostic reliability.

L= DL+ ~)led —)]

where L(£.f) is the loss function of the MCNN.
2) Spatiotemporal Feature Learning Based on Stacked
LSTM Network

The stacked LSTM network is chosen for its advantage in
spatiotemporal feature learning, owing to its ability to cap-
ture long-term dependencies and overcome the vanishing gra-
dient problem via gate control. The detailed structure of an
LSTM unit and the functions of its internal gates can be
found in Supplementary Material C. To further enhance fea-
ture extraction for complex spatiotemporal patterns, a
stacked LSTM network is adopted, which enables the learn-
ing of hierarchical representations, where lower layers cap-
ture short-term fluctuations and higher layers integrate these
into long-term trends. The inputs to the first LSTM layer are
derived through an information fusion process described as:

x:tch(Si@xi,t) (6)

where x;, is the input of the LSTM, which is obtained by
fusing S, and the individual sample at time ¢ in the i IMTS
by the fully-connected layer; and x;, is the raw monitoring
sample at time ¢ in the i"™ IMTS. The spatiotemporal features
extracted through multiple LSTM hidden layers are trans-
formed by the fully-connected layer. Then, the probability
values of the last individual sample x,, in the i" IMTS be-
longing to different categories can be derived as:

)

c=12,...K

™)

where p¢, is the probability that the /™ individual sample in
the i" IMTS belongs to class c; z, is the logit value output
of class ¢ by the fully-connected layer; and K is the total
number of categories for class c¢. In the proposed MCNN-
LSTM model, the probability output by the stacked LSTM
network is not directly used as the final basis for fault diag-
nosis. Instead, the empirical weighting method is used to cor-
rect the fault probability predicted by the stacked LSTM net-
work. The overall fault probability P, predicted by the
MCNN is used as the correction reference.

pi=(-o)pi +opii” ¢=0.1,...K (8a)
P, c=arg max c(p;,)
Pi=11-pP, (8b)

else

K-1
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where p;, is the corrected probability that the individual sam-
ple in the /" IMTS is diagnosed as fault class ¢; p/“ is the
expected probability that the individual sample is diagnosed
as different categories in the i™ IMTS; w is the probability
fusion weight, whose value reflects the impact of the overall
fault probability of IMTS predicted by the MCNN on the di-
agnostic results; and arg max c(p;,) denotes the selection of
¢ that maximizes the value of p;, In the probability correc-
tion method, the fault diagnosis result of an individual sam-
ple is constrained by the fault diagnosis result of the IMTS,
which reduces the influence of extreme individual cases on
the diagnostic results and helps improve the accuracy of
fault diagnosis.

3) Construction of IWCE Loss

WCE loss is designed to handle imbalanced data in multi-
class classification problems. WCE loss assigns class
weights inversely proportional to their frequency, enabling
the proposed MCNN-LSTM model to focus on the minority
class and improve the performance under imbalanced data.
The minority class is not necessarily hard, and the majority
class may contain hard-to-classify samples. However, the
WCE loss does not distinguish between easy and hard-to-
classify samples, and only considers the frequency of each
category, which may still lead to insufficient classification
accuracy in complex situations.

To overcome the limitations of WCE loss and ensure the
accuracy of fault diagnosis under imbalanced data, IWCE
loss is proposed, which enhances the attention of the pro-
posed MCNN-LSTM model to a minority class and hard-to-
classify samples by adding an adjustment term based on ex-
ternal observations to WCE loss. IWCE loss is defined as:

Ny K-

Lyycp=—

i=lc=

1
(a(:yi.,clg(ﬁzl) +//{‘qi,c)
’ ©

where a, is the weighting factor for class c¢; N, is the total
number of individual samples; N, is the number of individu-
al samples of class c; ¢, is the external reference probabili-
ty for the i™ individual sample belonging to class c; and A is
the adjustment coefficient used to control the influence of
q;. on the IWCE loss. The main reason why some samples
are difficult to classify is that the probabilities predicted by
the proposed MCNN-LSTM model for different classes are
very small or follow a uniform distribution, which results in
low confidence in classifying these samples. To address this
issue, the IWCE loss introduces an adjustment term derived
from external observations. This design provides the pro-
posed MCNN-LSTM model with valuable reference informa-
tion, enhancing its ability to assess the true class likelihood
of each sample. While retaining the fundamental structure of
WCE loss, which inherently emphasizes the minority class,
IWCE loss further incorporates sample-level distributional
awareness. By integrating KDE-based sample probabilities
as a form of contextual knowledge, the proposed MCNN-
LSTM model becomes better equipped to handle ambiguous
and hard-to-classify samples. As a result, IWCE loss contrib-
utes to improved diagnostic performance under data imbal-
ance.



ZENG et al.: SPATIOTEMPORAL FEATURE EXTRACTION FROM INTEGRATED MULTIVARIATE TIME SERIES VIA MCNN-LSTM...

In this paper, the additional external reference is the condi-
tional probability that the predicted sample belongs to differ-
ent classes obtained from external observations. The KDE-
based sample probabilities are used to estimate the value of
the adjustment factor, which can also be used to estimate the
PDF without prior knowledge or distribution assumptions.
The PDFs of various classes based on KDE-based sample
probabilities can be expressed as (10), then ¢, . =f.(x;,), c=
o,1,...K

fc(x)zﬁ D Kel(x_hx‘/) (10)

x;eD.j=1
where f,(x) is the PDF of calss ¢; x; is the j™ sample in the
sample set D, of class ¢; Kel(-) is the Gaussian kernel func-
tion; /£ is the bandwidth; and x is the given conditional sam-
ple.

IV. EXPERIMENTAL VERIFICATION

A. Metric

To evaluate the fault diagnosis performance of the pro-
posed MCNN-LSTM model under imbalanced data, several
commonly used metrics are employed, and their detailed il-
lustrations are presented in Supplementary Material A Table
SAI Class-specific precision and recall are computed to as-
sess discriminative capability for each class. The Fl-score,
which balances precision and recall, serves as a performance
indicator for individual classes. To evaluate the overall per-
formance across all K categories, the macro Fl-score (Mac-
ro-F1) and macro recall (Macro-recall) are calculated by av-
eraging class-wise Fl-scores and recall values, respectively,
thereby mitigating bias toward the majority class. The over-
all diagnostic accuracy measures the proportion of correctly
classified samples across all categories. The mean of class-
wise recall (G-mean) further accounts for inter-class perfor-
mance imbalance, thereby enhancing the robustness in imbal-
anced settings. Finally, the Kappa coefficient (denoted as
Kappa) quantifies classification agreement beyond random
chance. Kappa isolates statistically meaningful performance
from coincidental correctness. Together, these metrics ad-
dress both per-class granularity and overall generalization,
which are critical for validating fault diagnosis performance
of the proposed MCNN-LSTM model under imbalanced data.

B. Data Description and Experimental Setup

The effectiveness of the proposed MCNN-LSTM model is
verified using data collected from a 1.5 MW doubly-fed in-
duction generator (DFIG) from April 1, 2018 to January 31,
2019. The SCADA system of the wind farm records condi-
tion monitoring variables at 5-min intervals, along with oper-
ation and fault logs. After data preprocessing and labeling,
61247 valid individual samples are obtained. According to
the fault handling manual provided by the manufacturer,
faults are grouped into 5 major categories and 29 subcatego-
ries. Only major categories are considered in this paper.
Therefore, together with normal operation data, these data
are divided into six categories in this paper. Category de-
scriptions, labels, and counts are provided in Supplementary
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Material A Table SAIL.

An empirical threshold of 0.5 is applied for feature selec-
tion, retaining 36 out of the original 103 variables, as de-
tailed in Supplementary Material A Table SAIIl. A sliding
window with a length of 288 (corresponding to 24 hours) un-
der Av=1 is applied, yielding 52485 normal and 8745 abnor-
mal IMTS samples. To mitigate class imbalance, a balanced
dataset is formed by randomly selecting 8475 normal IMTS
samples and combining them with all 8475 abnormal IMTS
samples. The balanced dataset undergoes stratified five-fold
cross-validation with dual preservation criteria: global label
balance, which ensures equal normal-anomaly ratios across
folds, while fault type consistency maintains the original im-
balanced distribution of five diagnostic categories. The fault
label for each abnormal IMTS sample is assigned based on
the timestamp of its last constituent sample, ensuring that
rare faults are adequately represented and preventing valida-
tion bias. The design of unit-step sliding window preserves
temporal continuity between adjacent IMTS samples, enhanc-
ing model capacity to learn progressive failure patterns
through spatiotemporal coherence.

The MCNN employs five parallel branches for multi-scale
spatial feature extraction, each consisting of two convolution-
al units with kernel sizes of 1, 3, 5, 7, and 9, respectively.
The stacked LSTM network comprises three hidden layers
with 288, 100, and 50 neurons, respectively. The overall ar-
chitecture is summarized in Supplementary Material A Table
SAIV, with hyperparameters selected via empirical testing
and grid search. During training, the Adam optimizer is used
with a learning rate of 0.0001, a weight decay of 0.0002,
and a batch size of 32. The training runs for up to 100 ep-
ochs with early stopping. ®=0.4 and A=0.3 are selected via
grid search. All experiments are conducted on an Inter dual-
core i7-11700 CPU (2.50 GHz) using Python 3.9.7 and Ten-
sorFlow 2.10.0 on a 64-bit Windows system.

To systematically validate the effectiveness of the pro-
posed MCNN-LSTM model, four experimental schemes are
designed and evaluated:

1) Scheme 1: probability correction is not adopted, and
the WCE loss is adopted.

2) Scheme 2: probability correction and the WCE loss are
adopted.

3) Scheme 3: probability correction is not adopted and the
IWCE loss is adopted.

4) Scheme 4: probability correction and the IWCE loss
are adopted.

Table 1 summarizes the precision and recall values for
each class in four schemes. The majority class refers to La-
bel 0, which represents the normal operating state of WT.
The minority class rtefers to Labels 1-5, which represents
five major fault states of WT. Label 0 achieves consistently
high performance in all schemes. However, Label 4 per-
forms poorly in Scheme 1. For example, the precision and
recall for Label 4 are only 0.291 and 0.642, respectively.
Scheme 2 incorporates probability calibration alongside
WCE loss, yielding modest performance gains: the precision
for Label 4 increases to 0.339, and the recall rises to 0.663.
In Scheme 3, the WCE loss is replaced with the IWCE loss,
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leading to a substantial improvement in the minority class.
The precision for Label 4 increases to 0.662 and the recall
for Label 4 improves to 0.881. When probability calibration
and IWCE loss are jointly applied in Scheme 4, the pro-
posed MCNN-LSTM model achieves the best performance.
The precision for Label 4 further increases to 0.857, and the
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recall for Label 4 improves to 0.884. These results demon-
strate that combining calibrated confidence estimation with
an imbalance-aware loss significantly enhances the discrimi-
native capability for rare fault categories while preserving
the spatiotemporal capacity of the proposed MCNN-LSTM
model.

TABLE I
PRECISION AND RECALL VALUES FOR EACH CLASS IN FOUR SCHEMES

Scheme 1 Scheme 2 Scheme 3 Scheme 4
Class Precision Recall Precision Recall Precision Recall Precision Recall
Label 0 0.992+0.001 0.911+£0.004 0.994+0.001 0.929+0.004 0.997+0.001 0.973+£0.004 0.997+0.001 0.987+0.002
Label 1 0.261£0.021 0.668£0.043 0.303£0.009 0.689+0.032 0.585£0.041 0.898£0.024 0.707 £0.044 0.915£0.030
Label 2 0.165+0.009 0.632+£0.030 0.218+0.024 0.664 £0.032 0.537+£0.052 0.911£0.030 0.702+0.028 0.920£0.044
Label 3 0.194£0.028 0.635£0.044 0.257£0.019 0.686+0.032 0.567£0.055 0.887£0.034 0.752£0.076 0.875£0.047
Label 4 0.291£0.057 0.642£0.091 0.339£0.038 0.663 £0.054 0.662£0.017 0.881£0.026 0.857+0.020 0.884£0.051
Label 5 0.201+£0.023 0.484£0.020 0.279+0.027 0.671+£0.038 0.515+£0.013 0.858£0.015 0.758 £0.058 0.864£0.024

Figure 2 presents comprehensive metrics for the four
schemes. From Scheme 1 to Scheme 4, systematic improve-
ments are observed. Scheme 1, serving as the baseline,
yields suboptimal performance, with Macro-F1 score, G-
mean score, and Kappa score of 0.427, 0.649, and 0.354, re-
spectively, reflecting the detrimental impact of class imbal-
ance. Scheme 2 introduces probability calibration, elevating
these metrics to 0.487, 0.711, and 0.428, confirming that
confidence recalibration mitigates misclassification bias. In
Scheme 3, Macro-F1 score surges to 0.765, G-mean score in-
creases to 0.863, and Kappa score surges to 0.715. This veri-
fies the effectiveness of external observation-based tuning in
enhancing attention to the minority class. In Scheme 4, Mac-
ro-F1 score reaches 0.845, G-mean score stabilizes at 0.906,
and Kappa score reaches 0.825. These results confirm that
probability calibration refines decision boundaries, while the
IWCE loss enhances feature learning, providing a robust so-
lution for diagnosing imbalanced multivariate time-series da-
ta in WT fault diagnosis.
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Fig. 2. Comprehensive metrics for four schemes.

C. Parameter Settings

1) Weight Setting
To assess the impact of w and A, a sensitivity analysis is

conducted based on Scheme 4. As shown in Fig. 3, both
Macro-F1 and G-mean scores exhibit non-monotonic depen-
dence on these hyperparameters, with peak performance
achieved when w=0.4 and 41=0.3. Notably, 4 exerts a more
pronounced effect on model performance than w, underscor-
ing the key role of loss function design for class imbalance.
The results of the parameter sensitivity analysis, as shown in
Table 11, confirm that this configuration not only yields opti-
mal accuracy but also demonstrates the robustness to minor
parameter perturbations, as evidenced by stable G-mean
score and low standard deviations. These results justify the
selected parameter values and underscore the necessity of
jointly tuning the confidence calibration and loss weighting
in fault diagnosis. Detailed experimental procedures and
extended results are provided in Supplementary Materi-
al D.

2) Performance Evaluation of IWCE Loss

To evaluate the effectiveness of the IWCE loss, five loss
functions, including CE loss, WCE loss, IWCE loss, focal
loss, and Dice loss [32], are used to train the proposed
MCNN-LSTM model without probability correction. 4 of
IWCE loss is set to be 0.3, the smoothing coefficient of
Dice loss is set to be 1, and the focus factor y and balance
factor o of the focal loss are set to be 2 and 0.25, respective-
ly [26].

Figure 4 shows the model performance evaluation based
on different loss functions across multiple metrics. In Fig.
4(a), CE loss performs poorly in imbalanced settings, yield-
ing low Macro-F1 score of 0.394, Macro-recall score of
0.582, and G-mean score of 0.565, despite a high overall ac-
curacy of 0.896, indicating majority class bias. In compari-
son, the IWCE loss achieves the best performance, with
Macro-recall score of 0.908, Macro-F1 score of 0.845, and
G-mean score of 0.906, outperforming the second-best focal
loss by 1.2%, 0.36%, and 1.2%, respectively. Although focal
loss slightly outperforms IWCE loss in Kappa (0.831 versus
0.825) and accuracy (0.984 versus 0.983), IWCE loss deliv-
ers more consistent improvements across the metrics.
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TABLE II
RESULTS OF PARAMETER SENSITIVITY ANALYSIS

Parameter Macro-F1 score G-mean score
0=0.3 0.829+0.04 0.902£0.03
0=04 0.845+0.03 0.906£0.02
0=0.5 0.824+0.03 0.901£0.02
A=02 0.794£0.01 0.895£0.01
1=0.3 0.845+0.03 0.906£0.02
A=04 0.756£0.03 0.868 +£0.02

The radar chart in Fig. 4(b) further illustrates that IWCE
loss and focal loss outperform other loss functions, with
IWCE loss achieving a marginally larger normalized area, re-
flecting more uniform improvement across all evaluation di-
mensions. This balanced enhancement arises from the inte-
gration of adaptive category weighting and external observa-
tion mechanisms, prioritizing a few samples and optimizing
feature learning. These characteristics enable the IWCE loss
to achieve excellent diagnostic performance in imbalanced
multivariate time-series classification tasks.

3) Sliding Window and Model Architecture

The size of the sliding window affects both the number of
generated multivariate time-series samples and the capability
of the proposed MCNN-LSTM model to capture spatiotem-
poral features, while the model architecture is empirically op-
timized through extensive experiments.
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Fig. 4. Model performance evaluation based on different loss functions

across multiple metrics. (a) Bar chart of metrics. (b) Radar chart of metrics.

As these aspects represent implementation-level design
choices rather than the core contributions of this paper, and
detailed comparative and ablation studies are provided in
Supplementary Material E.

D. Verification by Comparative Experiment

To validate the diagnostic advantages of the proposed
MCNN-LSTM model under imbalanced data, comparative
experiments are conducted at both data level and model lev-
el.

1) Data-level Comparison

Four data augmentation models are employed to transform
the original imbalanced data into balanced data.

1) Synthetic minority over-sampling technique (SMOTE)
is a classic linear interpolation-based oversampling model,
serving as a baseline for comparison. The k-neighbors is set
to be 5.

2) Borderline-SMOTE is an advanced oversampling mod-
el derived from SMOTE, which generates synthetic samples
near the decision boundary to enhance detection of incipient
faults [33]. The k-neighbors is set to be 5.

3) SMOTE + ENN is a hybrid resampling model combin-
ing SMOTE and edited nearest neighbour (ENN) for noise
filtering [34]. The k-neighbors for SMOTE is set to be 5,
and the n-neighbors for ENN is set to be 3.

4) Conditional generative adversarial network (CGAN)
model can learn to generate realistic samples based on cate-
gory labels [19]. In the comparative experiment, the genera-
tor adopts a three-layer perceptron structure with a learning
rate of 0.001.

All comparative experiments adopt an identical evaluation
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framework, with the model architecture, IWCE loss, and
IMTS sample format kept consistent across all tests. All
models are tested on the same raw imbalanced testing data.
The only difference lies in the training data composition: the
proposed MCNN-LSTM model uses the raw imbalanced
training data, whereas the other models use balanced training
data reconstructed by the above models. To accommodate
the dual-label IMTS, a category-oriented stratified oversam-
pling strategy is adopted. The minority classes under per-
timestamp individual labels are augmented to 500 samples
each. Each synthetic fault sample is injected by replacing the
final time point of a randomly selected normal IMTS sam-
ple. To ensure temporal consistency, the candidate carrier
IMTS is screened by verifying that the absolute deviation of
key operation characteristics (e.g., wind speed, shaft speed,
and gearbox oil temperature) is below 10%. Finally, the gen-
erated data are mixed with the original training data to form
a new training set.
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Table III reports the metrics and computational cost for all
models. The results show that the proposed MCNN-LSTM
model achieves competitive performance without any data
augmentation. Although the overall scores are slightly lower
than those achieved by Borderline-SMOTE, SMOTE + ENN,
and CGAN, the gap remains small, which is less than 2.5%
compared with the best-performing CGAN in key metrics
such as Macro-F1 and G-mean. Moreover, it clearly outper-
forms SMOTE, which lacks both noise filtering and bound-
ary-aware sample generation. Figure 5 presents the class-
wise recall results for each class. All models achieve similar
performance on the majority class, while significant differ-
ences are observed in the minority class. The proposed
MCNN-LSTM model maintains good performance across La-
bels 1-5. For example, it matches CGAN on Label 1 with re-
call of 0.957 and achieves the same recall as SMOTE on La-
bel 4.

TABLE III
METRICS AND COMPUTATIONAL COST FOR ALL MODELS

Score

Model Accuracy Computational cost (s)
Macro-F1 Macro-rec G-mean Kappa
SMOTE 0.871 0.933 0.933 0.864 0.987 2204.3
Borderline-SMOTE 0.883 0.954 0.953 0.871 0.988 2265.2
SMOTE + ENN 0.892 0.954 0.954 0.872 0.988 2273.0
CGAN 0.907 0.966 0.966 0.889 0.990 2591.6
MCNN-LSTM 0.884 0.943 0.942 0.867 0.988 1632.7
Recall tional cost, thereby underscoring its practical advantage.
1000 2) Model-level Comparison
MCNN-LSTM 0»9570-913 0.895 0.903 Seven representative deep learning-based models for WT
0979 fault diagnosis are selected for model-level comparison, all
CGAN 0.957 0.960 0.9570.935 of which extract spatiotemporal features from SCADA da-
B 10958 ta.
2 SMOTE + ENN 1.000 0.957 0.900 0.903 1) MKFCNN is a multi-kernel fusion CNN-based model
= 410937  that uses SCADA data for WT fault diagnosis [35].
Borderline-SMOTE 0.936 RRIL1J 0.913 0.947 0.935 2) CNN-GRU is a WT fault diagnosis model based on
10916 spatiotemporal feature fusion of SCADA data using CNN
SMOTE 0.936 0.920 0.957 0.895 0.903 and GRU [36].
L 10.895 3) SCNN-LSTM is a series network-based model for WT
ot 2 3 4 5 fault diagnosis constructed by using CNN and LSTM [37].
Class 4) PCNN-LSTM is a parallel-network-based model using
Fig. 5. Class-wise recall results for each class. CNN and LSTM, which determines WT faults by parallel di-

Comprehensive comparisons demonstrate that, while data
augmentation models can enhance overall model perfor-
mance under imbalanced data, their effectiveness is inherent-
ly constrained. SMOTE variants rely on interpolation accura-
cy for moderately sized classes, while CGAN depends on
pattern generalization for extremely rare classes, neither
achieving universal optimization across all classes. In con-
trast, the proposed MCNN-LSTM model handles data imbal-
ance implicitly through the optimization of training sample,
model architecture, and loss function design. It attains
97.5% of the key diagnostic performance achieved by the
CGAN, yet incurs only 63% of the corresponding computa-

agnosis from both branches [15].

5) STMNN is a STMNN model for WT fault diagnosis
under imbalanced data [26].

6) EMCAN is a fault diagnosis model based on the combi-
nation of an ensemble multi-scale convolutional attention net-
work and a weighted voting strategy [38].

7) STA-SAW is a WT fault diagnosis model that com-
bines a spatiotemporal attention network with an adaptive
weighted loss function [25].

All models are trained and tested on the same datasets
used in the prior experiments. Hyperparameters are tuned via
grid search within the original ranges in literature. Since the
first four models of the above seven models are not specifi-
cally designed for imbalanced data, their loss functions are
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replaced with =0.25 and y=2.0 to ensure a fair compari-
son. The remaining three models retain their published imbal-
ance-handling strategies. Core training settings, including
learning rate, optimizer, and batch size, are kept identical
across all models.

Figure 6 presents the confusion matrices of different mod-
els. Note that the darker shades in Fig. 6 are only used to
represent larger quantities of each category. STMNN, EM-
CAN, and STA-SAW clearly outperform the MKFCNN,
PCNN-LSTM, SCNN-LSTM, and CNN-GRU, indicating
their stronger adaptability to imbalanced data. However, the
performance of these models remains uneven. For example,
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the STA-SAW achieves high accuracy on Label 0 but under-
performs on Label 3. In contrast, the proposed MCNN-
LSTM model maintains consistently good performance
across all classes, particularly in the minority class. Figure 7
presents the comparison of recall and Fl-score of each class
by different models. While all models perform similarly on
Label 0 (due to abundant samples), significant gaps emerge
for classes with limited data. The proposed MCNN-LSTM
model yields the highest recall for Labels 1, 2, 3, and 5, and
outperforms all models in Fl-score for all labels—particular-
ly for the three rarest Labels, i.e., Labels 2, 3, and 4, show-
ing an excellent balance between precision and recall.
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Fig. 6. Confusion matrices of different models. (a) MKFCNN. (b) PCNN-LSTM. (c) SCNN-LSTM. (d) CNN-GRU. (e) STMNN. (f) EMCAN. (g) STA-

SAW. (h) MCNN-LSTM.

The comparison of diagnostic results from different mod-
els is shown in Supplementary Material A Fig. SAS. In Fig.
SAS5(a), a bar chart visually demonstrates the scores of each
model across individual metric. The proposed MCNN-LSTM
model takes the lead across multiple metrics. Specifically,
the Macro-recall score of the proposed MCNN-LSTM model
is 0.943, which is 2.83% higher than that of STMNN. The
proposed MCNN-LSTM model also achieves the highest
scores in Macro-F1 and G-mean. The radar chart in Fig.
SA5(b) further confirms its consistent advantage across indi-
vidual metric. Collectively, results from Figs. 6, 7, and SAS
validate that the proposed MCNN-LSTM model delivers
more balanced, robust, and accurate diagnostic performance
under imbalanced data compared with existing models.

E. Discussion

The proposed MCNN-LSTM model achieves robust fault
diagnosis performance under imbalanced data without rely-
ing on data augmentation, distinguishing it from many exist-
ing models. This capability arises from the joint design of
the input representation, model architecture, and learning ob-
jective. The IMTS explicitly preserves the spatial topology
among SCADA sensors and the temporal evolution patterns

through a dual-label matrix structure, offering a more infor-
mative basis for feature learning than conventional univari-
ate sequences. The MCNN captures cross-variable spatial
correlations that serve as diagnostic priors, while the stacked
LSTM network layers model temporal dynamics at multiple
time scales, enabling deep spatiotemporal fusion. Further-
more, the IWCE loss, derived using KDE-based sample prob-
abilities, adaptively assigns higher weights to minority and
hard-to-classify samples during training, thereby improving
recall for rare fault types without manual tuning.

Nevertheless, several limitations warrant attention. The
multi-branch architecture introduces additional computational
complexity compared with single-path networks, which may
affect deployment in latency-sensitive scenarios. In addition,
the learned cross-variable spatial correlations, though effec-
tive, lack clear physical interpretability, which limits the
transparency of diagnostic decisions for domain engineers.
Finally, the evaluation is based on data collected from a sin-
gle wind farm, and the generalization across different WTs,
manufacturers, or operation environments has not been veri-
fied. These aspects highlight important directions for future
improvement.



1778

Recall

1.00
MCNN-LSTM 0.89
0.95
STA-SAW 0.79 0.84
EMCAN 087 077 | 19!
3 STMNN 0.84 0.83 10.86
=}
= PCNN-LSTM 0.84 0.83 0.79 0.80 10.82
SCNN-LSTM 0.83 0.76 0.78 0.73 0.84 1077
CNN-GRU 0.87 0.80 0.70 0.73 0.80 073
MKFCNN 0.78 0.76 0.74 0.68 0.83
o 1 2 3 4 5 o068
Class
(a)
F1-score
1.00
MCNN-LSTM
92
STA-SAW 09
EMCAN 0.84
5} STMNN 10.75
B
= PCNN-LSTM 0.55 10.67
SCNN-LSTM 046 0.52 0.76 0.61 0.59
CNN-GRU 0.55 0.54 0.70 0.65 051
MKFCNN 046 0.43 0.58 0.59
o 1 2 3 4 5 04
Class
(b)
Fig. 7. Comparison of diagnostic results of various faults by different mod-

els. (a) Recall. (b) Fl-score.

V. CONCLUSION

This paper proposes spatiotemporal feature extraction
from IMTS via MCNN-LSTM for WT fault diagnosis,
which extracts spatiotemporal features from dual-label IMTS
and adopts an IWCE loss to highlight the minority class.

Experimental results on real SCADA data verify that the
proposed MCNN-LSTM model achieves superior Macro-F1
and G-mean performances without synthetic data augmenta-
tion, providing a practical solution for WT intelligent mainte-
nance. Future research will focus on improving the cross-site
generalization of the proposed MCNN-LSTM model, light-
weight design and diagnostic interpretability for engineering
deployment.
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