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Abstract

Anomaly identification and fault localization of wind turbines through Supervisory Control
and Data Acquisition (SCADA) data is a popular topic today, but most studies overlook
the complex time-space interdependence between wind turbine (WT) SCADA variables,
which results in low detection accuracy for anomalies in critical moving components of
the wind turbine. To address this problem, this paper proposes a fault detection and
identification method based on a dynamic graph model with a causal spatio-temporal
attention mechanism and variable-level normalized flow. First, it introduces a spatio-
temporal attention mechanism under causality to extract the spatio-temporal attention
mechanism under causality to extract spatio-temporal features of the variables and uses a
graph convolutional neural network to represent the extracted spatio-temporal features as
a dynamic graph. Secondly, a dynamic normalization flow is suggested for calculating the
logarithmic density estimation between variables. Finally, the anomaly scores are calculated
through logarithmic density estimation. Based on these scores, anomalies are detected and
localized. Experimental validation on real SCADA data from wind turbines demonstrates
that the method can effectively identify abnormal operating states and provide early
warnings, achieving higher accuracy and greater stability.

Keywords: wind turbines; fault detection and identification; causal spatio-temporal features

1. Introduction

Recently, driven by technological advancements and policy backing, the global wind
power sector has witnessed rapid expansion. Presently, wind power generation technolo-
gies have reached a relatively mature stage, enabling large-scale commercial development at
a comparatively lower cost [1]. Despite the rapid development of wind turbine equipment
manufacturing technology, the operation and maintenance expenses caused by accidental
failures and machine aging are still very high [2]. Therefore, to improve the reliability
of wind turbines and prevent catastrophic events from occurring, it is necessary to im-
prove the ability to recognize anomalies and diagnose faults in the critical moving parts of
wind turbines.

Current techniques for wind turbine condition monitoring can be broadly catego-
rized into wind turbine condition monitoring, which can be mainly categorized into two
main categories: physical model-based and data-driven [3]. The physical model-based
approach is mainly to construct physical or mathematical models of the wind turbine’s
key moving parts and their related components. However, the construction of physical
and mathematical models requires accurate model data, and when the system is more
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complex, the construction of the model requires a large amount of computation and a high
level of professional knowledge [4]. Data-driven methods mainly include two categories
of machine learning and deep learning, which are used to mine hidden information from
a large amount of machine operation data and analyze the hidden information to obtain
the machine’s operation status. Nowadays, most of the wind turbine equipment has a
monitoring and data acquisition system (SCADA), which can obtain the state parameters of
the machine operation, such as wind speed, temperature, rotational speed, environmental
characteristics [5], and so on. Because the large amount of operating data it collects can be
used for data-driven condition monitoring, the data-driven condition monitoring technique
using SCADA as the data source has received a lot of attention from scholars. Machine
learning methods mainly include support vector machines (SVMs) [6], Naive Bayes [7],
and so on. However, machine learning has limited expression ability compared to deep
learning models, is difficult to deal with complex nonlinear relationships, and has poor
data migration and generalization ability.

Deep learning models exhibit strong representational capacity and excel at capturing
complex nonlinear relationships, which can deal well with the complex nonlinear relation-
ships among SCADA parameters [8]. Zhang et al. [9] proposed a new one-dimensional
convolutional neural network fault diagnosis method using a batch normalization layer
for better extraction of data features. Wang et al. [10] proposed a composite fault detec-
tion model that combines a three-dimensional squeezed excitation Convolutional Neural
Network (3DSE-CNN) and a 2D Long Short-Term Memory Network (2DLSTM) composite
fault detection model for wind turbines, which performs spatio-temporal feature extraction
on SCADA data for fault diagnosis. Minh et al. [11] suggested a novel approach combining
a one-dimensional convolutional neural network (1D CNN) with a bidirectional long and
short-term memory network (Bi-LSTM), data reconstruction for enhanced structural health
monitoring. Although existing deep learning approaches—such as LSTMs, GRUs, and
spatio-temporal graph neural networks—effectively model temporal autocorrelation or
spatial correlations among SCADA variables, they often adopt bidirectional or non-causal
temporal dependencies, implicitly allowing future information to influence the repre-
sentation of past states during training or inference. Moreover, although spatio-temporal
interactions are increasingly modeled, the explicit integration of causal temporal constraints
with learned spatial dependencies remains underexplored in the context of unsupervised
wind turbine fault detection. This limitation can lead to unrealistic modeling assumptions
and reduced reliability in real-time anomaly forecasting, where only past and present
observations are available.

To solve these problems, many Scholars have performed spatio-temporal feature
extraction of SCADA parameters and focused on the interdependence between the param-
eter nodes. Feng et al. [12] proposed a wind turbine root cause localization framework
based on explicit-implicit knowledge fusion and multivariate time series graph neural
networks, which fully utilizes the inter-variable dependency mining capability of graph
structure learning and the time prediction advantage of time series graph neural networks.
Zhu et al. [13] suggested a dynamic graph representation learning model based on a
spatio-temporal self-attention mechanism, which can effectively learn the dynamics and in-
terrelationships between variables for fault detection. The spatio-temporal characterization
of SCADA variables can well discover the spatio-temporal interdependence between differ-
ent variables and can respond to the abnormal state and faults of wind turbines in a more
timely and accurate manner. Streser et al. [14] demonstrated the effectiveness of FMCW
radar combined with 2D-CNNs for damage detection under fatigue loading, providing a
robust non-contact monitoring solution. Rizk et al. [15] proposed an innovative approach
that integrates hyperspectral imaging with a 3D Convolutional Neural Network (3D-CNN)
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for the detection of multiple damage types. This highlights the significant potential of
3D-CNNEs in capturing complex spatial-spectral features for high-precision, image-based
structural health monitoring.

Although many scholars conduct research on wind turbine condition monitoring, the
current WT condition detection model still has the following problems: (1) Since SCADA
contains various characteristic variables; the various variables are not correlation-free, the
change of one variable will cause the change of multiple variables, and the correlation of
these variables is often neglected in the anomaly detection, resulting in the reduction of
the detection performance. (2) There is a complex spatio-temporal dependence between
SCADA data variables, and many studies have not paid attention to their interdependence.
(3) In SCADA variables, future data usually do not affect past data; however, in previous
studies, no attention was paid to the dependencies between the front and back time steps,
resulting in the flow of future information to the past. (4) Few of the multiple existing
anomaly detection methods go further to provide root cause fault identification, but this is
crucial for O&M and can save a lot of cost.

Aiming at the above problems given, this paper develops an unsupervised anomaly
detection and identification framework by combining the dynamic graph representation
of the causal spatio-temporal attention mechanism and the variable-level normalization
process, which uses the causal attention mechanism with the help of causal masks to ensure
that each time step can only pay attention to the time step before it when calculating the
attention to efficiently capture causal dependency relationships in the data. At the same
time, the dynamic graph convolutional neural network is combined to capture certain
spatio-temporal correlations that may exist between different variables in the data, and the
information between the nodes is aggregated through the adjacency matrix to extract the
spatial features so that the model can consider the temporal and spatial changes at the same
time. Secondly, the variable-level normalization process is designed to be able to model
the distribution of each variable flexibly, simulate the density estimation of variables with
the help of autoregression, and locate the faults of key motion subs of the wind turbine
through density estimation. Finally, the validity of the proposed framework is verified by
comparing it with a case study of a wind farm.

The main contributions of this paper are as follows:

1. A causality-based spatio-temporal attention model is proposed, which can reasonably
capture temporal causality and spatial features in SCADA data.

2. A dynamic graph convolutional learning module is proposed, which is capable of
feature fusion of the features obtained from the spatio-temporal attention mechanism,
and can effectively reflect the dynamic spatio-temporal relationships of SCADA
variables to realize anomaly detection.

3. Avariable-level normalization process and a framework for anomaly detection and
fault identification are proposed to achieve density estimation of individual vari-
ables through the obtained spatio-temporal fusion features, so as to realize anomaly
identification and fault localization of the key moving parts of wind turbines.

The next section of the paper is structured as follows: Section 2 gives the basic theoret-
ical analysis, and Section 3 describes the proposed method in detail. Section 4 analyzes the
experimental and comparative results, and Section 5 summarizes the conclusions.

2. Methodology

In this paper, we propose a framework for condition monitoring and fault diagnosis
of wind turbine critical motion subsystems for wind turbines based on dynamic graph
learning of causal spatio-temporal attention mechanism and variable-level normalized flow
(CSDG-VNF). The basic model of the framework is shown in Figure 1.

https://doi.org/10.3390/mca31020035


https://doi.org/10.3390/mca31020035

Math. Comput. Appl. 2026, 31,

35

40f18

SCADA DATA Historical SCADA data preprocessing

v

Trained model

v

I
I |

Data Cleaning Feature selection

Normalization process
|

Abnormal Score Calculation |

* Spatial attention Multiple Self-Attention Mechanism
Whether tl.le Generate the adjacency Causal mask processing to
threshold is : e %
matrix A generate the identity matrix M
exceeded D
N YES Graph Convolution Spatio-
Equipment anomaly Temporal Felature Fusion
Generate the spatio-temporal
v characterizaﬁion matrix C’
Identify key nodes
Affine Coupling Layer Radial Layer
y Multilayer normalization
transform
Root cause analysis
Logarithmic density estimate
v
Threshold calculation

Figure 1. The structure of the proposed CSDG-VNF model.

2.1. Data Preprocessing

In the training phase, firstly, the SCADA data should be preprocessed to remove the
downtime data, abnormal state data, incomplete data, etc., from the data, and the missing
data should be processed. At the same time, it is necessary to select the data in the data that
are highly relevant to the fault diagnosis of the wind turbine’s key moving components, so
that it can have better diagnostic results [16]. Then, the data are normalized to eliminate
the influence of different data input ranges on the data weights.

2.2. Dynamic Graphical Representation of Spatio-Temporal Attention Mechanisms
Under Causality
It should be noted that the term “causal” used in this paper refers specifically to
temporal directionality in time-series modeling—i.e., ensuring that predictions at any time
step depend only on past and present observations, not future ones. Our framework does
not aim to infer true physical cause-and-effect relationships among SCADA variables, but
rather to enforce temporal consistency for realistic and deployable anomaly forecasting.
To construct a dynamic graph model with a spatio-temporal attention mechanism
under causality, first, the data undergoes a spatial attention mechanism and a causal
attention mechanism, respectively, to generate an adjacency matrix with spatial features
and causality parameters with temporal features. These features are then fused via a graph
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convolutional neural network to capture the complex dependencies between variables in
time series data to obtain spatio-temporal features, as shown in Figure 2.
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Figure 2. Structure of spatio-temporal feature fusion method.

2.3. Anomaly Threshold Design Under Variable-Level Normalization

To design a variable-level normalized streaming framework that implements discrimi-
native density estimation for individual variables while exploiting conditional information
in dynamic spatio-temporal representations. The proposed method transforms complex,
high-dimensional SCADA data distributions into easy-to-handle normalized Gaussian
distributions through a series of invertible transformations, enabling accurate density esti-
mation for anomaly detection, while the anomaly threshold can be set by the calculated
probability density, as shown in Figure 3.

p(z) Jloglp@)]  ©  Abnormal Score

Figure 3. Variable-level normalized flow structure.

Unlike conventional multivariate normalizing flows that model the joint distribution
of all variables simultaneously, a variable-level normalized flow treats each dimension (i.e.,
each SCADA variable) as a conditionally independent component whose transformation
parameters are modulated by shared spatio-temporal context. Formally, given an input
vector x = [x1,X2,%3,...xp]" € RD, the flow learns a set of invertible mappings f(-; 64(c))
for each variable x;, where ¢ € RP" denotes the spatio-temporal feature representation
(e.g., output from the graph convolution module) that serves as conditional context. This
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design enables flexible, per-variable density estimation while leveraging global depen-
dencies through the conditioning signal, thereby balancing model expressiveness and
computational efficiency.

2.4. Abnormality Monitoring and Fault Identification

Fault detection can be achieved by calculating the anomaly score from the resulting
density estimates and comparing it with a set threshold. When an anomaly occurs, fault
localization is achieved by identifying the critical nodes based on the log density of each
variable. The function considers these nodes as possible sources of faults by taking the
smallest log density variable at each time step as the critical node.

3. Detailed Design of the Model
3.1. Mechanisms of Spatio-Temporal Self-Attention Under Causality

In SCADA, there are interdependencies between variables. When an abnormality
occurs in the key moving components of a wind turbine, there are usually multiple variables
changing at the same time. Therefore, a spatial self-attention mechanism is used to capture
the complex dependencies among variables in time series data. For each pair of features
(xi, xj), obtain their time series xs,,xs,, where s represents each time step, while m and n
represent the indices of the feature pair. The query vector Q, the key vector K and the
scaling factor dj are then computed as follows: Q = X;,-Wo,K = X;,-Wk, dy = /Ny,
Calculate the attention score es,,, from the query vector Q and the key vector K:

QK"
€spn = ’ (1)
1 dk
Attention scores were normalized using the Softmax function to obtain as,,,:
exp(e
as,,,= softmax(es,,, ) _ &XP(es,,) )

ZZ:l Cspn .

Each attention score calculated is the spatial dependency between the parameter
nodes, and the calculated attention scores are stored one by one in the attention matrix As.
Adjacency matrix construction for graph convolution. In this work, the spatial attention
weight matrix obtained in Equation (2) is directly used as the adjacency matrix for graph
convolution. Specifically, given the spatial score matrix in Equation (1), we apply a row-

wise Softmax:
A exp (SI])
ij

LR exp(Sy)
where D is the number of SCADA variables (nodes). Thus, A € RP*P defines a dense,
directed, weighted graph in which all node pairs are connected, and the edge weight

3)

represents the attention-based dependency strength. We do not apply hard thresholding
or a fixed top-k neighbor selection; the attention weights provide “soft connectivity” and
satisfy ) ; A;; = 1. The diagonal entries A;; naturally act as self-connections.

Meanwhile, the parameters of SCADA have a strict time series order, future data
cannot influence past decisions, and system failure usually manifests itself as a chain
reaction in the time series, so the temporal features of the input data are extracted using a
multiple self-attention mechanism under causality. Get input sequence X € REXT*P where
B is the input data batch size, T is the number of time steps, D is the feature dimension,
the number of attention heads is set to H, and each head dimension satisfies d, = D/H.
The query vector Q, the key vector K, and the value vector V map the input X by a linear
transformation to: Q = X,,,-Wp,K = X;,-Wk,dx = v/N;. In the multi-head attention
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mechanism computation, Q, K, V are partitioned into H heads: Q = [Q1, Q2,Q3,...Qpl; K
and V are identical. To ensure causality, a Causal Mask needs to be introduced to restrict the
current time step to focus only on past time steps. The specific steps are as follows. Since
the dimensionality of the data in the following section is 78, and to ensure it is divisible by
the number of attention heads H, and considering that in classification tasks the number of
heads is commonly set between 4 and 8, we choose H = 6 [16]. The full list and definitions
of these 78 variables are available in the Supplementary Materials.
Calculate the attention mechanism score:

QKT

Si= 4)

To introduce causality, construct the lower triangular matrix M as a masking mechanism:

0,t>s
Mts—{_oo’t<s' (5)

Applying this to the score matrix makes the matrix focus only on past time steps:
Si' =S ®M. (6)

Apply Softmax function to the masked score matrix: A; = softmax(S;’). Whent > s,
S;! = —oo, softmax(—o0) = 0, future time steps are masked. Then for each head i, the
attention weight aggregation matrix is used:

h; = A;V;. )

The output of all heads is spliced and projected back to the original dimension D
through the linear layer WO to get the multi-head attention output matrix M:

M = MultiHead(Q, K, V) = Concat(hy,hy, h3, - - - ,hH)WO. (8)

3.2. Graph Convolutional Neural Network Spatio-Temporal Feature Fusion

Let A € RP*D denote the attention-based spatial adjacency matrix learned in
Equation (2). Since Equation (2) applies row-wise Softmax, A is already normalized
(Xj Aij = 1); therefore, we directly use A as the normalized adjacency in the graph convo-
lution for spatial propagation.

SP = AM; € RN*D 9)

Stack over t to SP € RT*N*D_ Fuse with a linear layer and nonlinearity. The second
and third dimensions of S, are transposed to obtain the spatial feature array S, of shape
(B, T, D), through the designed graph-convolution linear layer for spatio-temporal feature
fusion and ReLU activation function for nonlinear transformation:

C = ReLU(Ly(As-S}) + La(S)- (10)
Transformation of the fused spatio-temporal feature matrix C using the linear layer L3:
C' = L3(C). (11)

where L1, Ly, L3 are all learnable fully connected layers, containing weight matrices and
bias vectors; these parameters are automatically learned during training.
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3.3. Variable-Level Normalization and Log-Density Computation

A normalizing flow consists of a sequence of invertible transformations. f1, f2,- - -, fx
combinations. Transform a simple probability distribution, p,(x), into a complex target
distribution py(x) = fx-fr_1-- - f1(z).

A variable-level normalized flow, as employed in this work, does not assume statistical
independence among SCADA variables. Instead, it models the conditional distribution
of each variable given a shared spatio-temporal context. Specifically, the transformation
parameters for each dimension are dynamically modulated by the fused spatio-temporal
features (e.g., output from the graph convolution module), which encode inter-variable
dependencies and temporal dynamics. This allows the flow to capture complex marginal
behaviors of individual variables while implicitly accounting for their mutual correlations
through the conditioning signal.

SCADA data contains multiple variables, and the computational complexity increases
significantly as the number of variables increases significantly. The variable-level normal-
ized flow can well integrate the spatio-temporal features obtained from SCADA data after
processing as conditional information, and the sharing of parameters among variables
reduces the model complexity while maintaining the expressive power. In this paper, the
principles and steps of designing variable-level normalized flow are as follows. Affine
Coupling Layer: the input x is divided into two parts x1, xp; one part passes through
directly, and the other part is transformed by the neural network.

yi=x1
. 12
{ y2 = xp @ exp(s(x1,C") + t(x1,C) (12)

where s and t are scale and offset parameters generated by the neural network and C’ is the
output of the graph convolutional network as conditional information. The logarithm of
the Jacobi determinant is:
D/2
log det J, = Zi:l 5;. (13)

D is the vector dimension and s; is the logarithmic scaling factor of the ith dimension.

The radial transform layer is a nonlinear transform that is realized by the follow-
ing equation:

y =5 B (v o). (14)

Xo| +a

where xj is the transformation center, « > 0 is a learnable scale parameter, and f € Ris a
learnable intensity parameter. The logarithm of the Jacobi determinant is:

P
1+zx+r +log

log|det J;| = (d — 1) log 1+ Lz . (15)
(+71)

where d is the data dimension, r = |x — xg]|.

The above two transformation layers are designed as transformation blocks f, and the
“multiple transformation layer combination” is realized by the way of “block stacking”. The
variable-level normalizing flow stacks the above transformation blocks to form a complex
invertible mapping to form a complex invertible transformation and the spatio-temporal
features obtained above. The spatio-temporal feature matrix R obtained above is input to
the variable-level normalization flow, which helps the normalization flow to estimate the
conditional probability density of the data more accurately:

z= frfre1 fi(x). (16)
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3.4. Calculation of Log Densities and Anomaly Scores

After all the transformation blocks, the final latent variable z, according to the variable
transformation formula, the probability density of z is:

-1

k 9fx
p(2) = p(0) x ] [y det(527) (17)
The logarithmic density of the input data x is:
K
log p(x) =log p(z) + ) _ log det Ji, (18)
k=1

where Ji is the Jacobi matrix of the kth transformation layer.

The log density is used to measure the probability that a data point is under a normal
distribution. Under normal conditions, data points should have higher log densities
because they are more consistent with the normal patterns learned by the model. When
anomalous data are present, their log densities are significantly lower because they deviate
from the normal distribution. By calculating the logarithmic density, the data points can
be mapped to a numerical space, which facilitates the calculation of anomaly scores and
the detection of anomalies. The anomaly scores are obtained by negatively averaging the
log densities.

1D
AS; = —— Z log(x(j,a))- (19)
Dd:1

X(i.d) denotes the dy;, feature dimension of the iy, sample. The lower the log density, the
higher the anomaly score, indicating that the data points are more likely to be anomalous.

3.5. Anomaly Identification and Fault Localization

In this paper, the quartile method is used to calculate the 25th percentile (Q;) and the
75th percentile (Q3) of the anomaly score, and then the interquartile range (IQR = Q3 — Q1)
is calculated. The threshold is then:

threshold = Q3 + a X IQR. (20)

« is the scaling factor, set to 2. To evaluate the robustness of the IQR-based anomaly
thresholding, we conduct a sensitivity analysis by varying the scaling factor a € {1.0, 1.5,
2.0,2.5, 3.0}.

Results indicate that the performance remains stable for « € [1.5, 2.5]. This justifies
our choice of & = 2 as a balanced trade-off between detection sensitivity and false alarms.

The design of the threshold is a critical step in fault detection, which is used to
distinguish between normal and abnormal data. When the anomaly score exceeds the
threshold value, it proves that the device is in an abnormal state.

Fault localization is done by comparing the log densities of each variable to find the
most anomalous variable:

key_node;; = argmink_; log p(x;,4), (21)

i denotes the sample index, t denotes the time step index, d denotes the variable dimension
index, D denotes the total number of variables, and log p(x; ;) denotes the logarithmic
density of variable d at time step t. key_node; ; is the key node index of the iy, sample.
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https://doi.org/10.3390/mca31020035

Math. Comput. Appl. 2026, 31, 35

10 of 18

Calculate the relative change in the adjacency matrix for normal and abnormal conditions:

normal abnormal
A i — Ai, ;

Az;;rmal + g

C8ij = , (22)

where A;‘;’r"‘al and A??"‘”mal are the adjacency matrices in normal and abnormal states,
respectively, ¢ is a small constant avoiding a zero denominator. Calculate the deviation
index of other nodes based on key_node:

deviation_indexj = 8k js i=123...,D. (23)
Root cause determination:
root_node = argmaszldeviation_index]-. (24)

4. Experimental Verification

In this paper, a wind farm in China with a rated parameter of 2 mw is used as an
experimental case to validate the proposed method. The wind turbine SCADA fault records
are shown in the following Table 1.

Table 1. Detailed fault information for the WT used in this study.

. SCADA SCADA )
WT Number SCADA First SCADA Second Alarm First Alarm Second SCADA F irst SCADA S.e cond
Alarm . . Reset Time Reset Time
Time Alarm Time
8 (t;e;erart;’tru”;’”éqf‘fnf Td [aghet " Hydraulic oil temperature is 17:19 21:58 17:31 22:01
emperature difterence fead to too high 22 May 2022 22May2022  22May2022 22 May 2022

large failure

Among all subsystems, failures in the critical moving components result in the longest
downtime per incident for a single failure, resulting in a great economic loss [17]. Moreover,
the wind turbine critical motion subsystems are installed in high and narrow spaces,
with great operation and maintenance costs [18]. Therefore, anomaly monitoring and
fault identification of wind turbine key moving parts using SCADA data become key to
research content.

The operation state of the key moving components of the wind turbine has a great
relationship with the ambient temperature, humidity, wind speed, wind speed can directly
affect the wind turbine gear box, main shaft, such as speed, torque, temperature, output
power, but also can indirectly affect the gear box, main shaft lubricating oil and the temper-
ature of the cooling water, the change of the output power at the same time also implies
that the temperature of the stator of the windings change. Therefore, this paper selects the
parameters related to the operation state of the key motion sub of the wind turbine as input
features. And the SCADA selected parameter data are preprocessed [19].

4.1. Case Study and Experimental Effect Verification

Implementation details and training settings. The proposed model was implemented
using the PyTorch 2.0.1 deep learning framework and trained on a Windows 10 workstation
equipped with an NVIDIA GeForce RTX 4060 GPU with 8 GB memory (CUDA 12.6).
Unless otherwise specified, the model was trained for 300 epochs with batch size B = 8
using the Adam optimizer with an initial learning rate of 0.01. A ReduceLROnPlateau
learning-rate scheduler was used: the learning rate is multiplied by 0.5 if the training

https:/ /doi.org/10.3390/mca31020035
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loss does not improve for 5 consecutive epochs. The training objective is to minimize the
negative log-density (negative log-likelihood) output by the model.

The training data used in this paper is the SCADA data of wind turbine No. 28 from
March to April 2022, which is collected every minute, with a total of 89,284 time steps,
and the test set used is SCADA from 20:00 21 May 2022 to 15:00 24 May 2022 with a total
of 4000 time steps. Where the SCADA data indicated that wind turbine No. 28 had a
large generator winding and magnet temperature difference failure, and a large generator
winding and magnet temperature difference failure at 17:19 on 22 May 2022 (time step
1281). A high hydraulic oil temperature warning occurred at 21:58:01 on 22 May 2022 (time
step 1560), as shown in Table 2.

Table 2. Details of the No.28 WT dataset.

Dataset Operational Time Time Steps
Training set From March to April 2022 89,284
From 20:00 21 May 2022 to
Test set 15:00 24 May 2022 4000

17:19 on 22 May 2022,

Failure occurrence time 21:58:01 on 22 May 2022

1281, 1560

In this paper, the anomaly score is calculated by logarithmic density. When the
anomaly score is elevated, it represents that the data deviates from the normal data, and
when it exceeds the threshold value, the anomalous state is monitored. Figures 4-6 show
the comparison of the experimental results of the method proposed in this paper and the
other two methods.

Figure 4 is measured by this experimental method, the anomaly fraction curve is
found to be anomalous at time steps 1231 to 1296 and 1495 to 1597, and the wind turbine
anomalous condition is found at 16:29 min on 22 May 2022 to 17:24 min on 22 May 2022
and at 20:53 min on 22 May 2022 to 22:35 min on 22 May 2022, and 28 wind turbine SCADA
issued a warning of generator winding and magnet temperature difference failure at 17:19
on 22 May 2022 (time step 1281), which the model warned fifty minutes ahead of time, and
SCADA issued a warning of high hydraulic oil temperature at 21:58 on 22 May 2022, which
the model warned one hour and five minutes ahead of time.

Time Series with Threshold Contact Points
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Figure 4. Calculated anomaly scores of the No.28 WT by proposed CSDG-VNF.
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Figure 5. Calculated anomaly scores of the No.28 WT by proposed DG-VNF.
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Figure 6. Calculated anomaly scores of the No.28 WT by proposed LSTM-CNN.

Figure 5 shows the DG-VNF [20] anomaly score curve graph, the anomaly score curve
found anomalies at time steps 1244 to 1286 and 1500 to 1560, and the model found at
16:42 on 22 May 2022 to 17:24 on 22 May 2022 and 20:58 on 22 May 2022 to 21:58 on
22 May 2022 wind turbine anomalous condition, 37 min and 1 h ahead of the SCADA
warning, respectively.

Figure 6 shows the LSTM-CNN [21] anomaly score curves, the anomaly curves are
found at time steps 444 to 562, 1223 to 1306, and 1500 to 1560, and the model’s results on 22
May 2022 at 3:22 min to 22 May 2022 at 5:20 min, 22 May 2022 at 16:21 min to 22 May 2022
at 17:44 min on 22 May 2022, and 20:58 min on 22 May 2022, and 21:58 min on 22 May 2022,
when the wind turbine anomalous condition was detected, with the time steps 444 to 562
being misclassified, and the latter two being 58 min and 1 h ahead, respectively.

The experimental validation of the three experiments is shown in Figure 7. The
experiments show that the proposed method is able to obtain stable spatio-temporal fusion
variables by capturing the spatio-temporal feature dependencies among the variables
and performs an accurate density estimation for anomaly detection after a variable-level
normalized flow. The anomalous state can be recognized earlier compared to DG-VNF and
has better stability without misclassification compared to LSTM-CNN.
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Figure 7. Performance comparison of anomaly detection methods.

To further verify the experimental efficacy of the proposed method, the proposed
method is compared with three methods: DG-VNF, LSTM-CNN, and LSTM for AUC (Area
Under Curve) metrics [22]. In anomaly detection, the ROC curve and AUC are important
indicators to evaluate the performance of the model. AUC refers to the area under the ROC
curve, which is used to measure the performance of the binary classification model.

TP

TPR = Tp PNy’ 2
FP

FPR=Fpr TN 26)

where TP stands for true positives, and FP means false positives.

DG-VNF is a proposed dynamic graph representation learning and variable-level
normalization flow based on self-attention, focusing on dynamic spatio-temporal correla-
tion between variables, achieving fine density estimation and bias analysis. LSTM-CNN
combines LSTM and CNN, taking advantage of LSTM'’s strength in dealing with long-
term dependence of sequence data and CNN’s ability in feature extraction, which can
more comprehensively capture the input temporal and spatial features of the data. The
following Figure 7 shows a histogram of the AUC values for four different methods for this
SCADA data.

Compared with DG-VNF, the CSDG-VNF proposed in this paper improves 1.3% in
AUC score. Compared with LSTM-CNN and LSTM, the method proposed in this paper
improves 6.8% and 9.1% in AUC scores, respectively. This shows that the graph learning
method of causal spatio-temporal attention mechanism and the variable-level normalized
stream learning framework can exploit the interdependence between SCADA variables
more effectively, which significantly improves the detection ability of the model. This
indicates that although DG-VNF performs well in feature extraction, it does not consider
the variable temporal dependencies in depth, so the overall feature extraction is slightly
insufficient; LSTM-CNN is able to capture local features, but it is still insufficient in overall
feature extraction.

In order to locate the faulty parts of the wind turbine generator, we process the
logarithmic density of each variable and sort the abnormal scores after variable level
normalization, due to the space problem, the results of the first 15 results will be intercepted
with the abnormal scores sorted from high to low, and the display results are shown in
Figure 8, and it can be found that the abnormal scores with high scores are respectively the
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hydraulic oil temperature, generator stator temperature, generator magnet temperature,
generator winding temperature, etc., are identified as abnormal nodes, which coincide with
the information in the SCADA warning, indicating that the method proposed in this paper
can effectively perform fault localization.

V1 Hydraulic oil temperature

V2 Hydraulic oil temperature. 1

V3 Generator stator 10 temperature 60s average
V4 Generator stator 10 temperature 30s average
V5 Generator magnet temperature 60s average
V6 Generator magnet temperature 30s average
V7 Generator 1 segment winding temperature
V8 Generator cooling water temperaturel

V9 Generator 7 segment winding temperature
V10 Generator 8 segment winding temperature
V11 Generator 6 segment winding temperature
V12 Generator stator 1 temperature 30s average
V13 Generator 4 segment winding temperature
V14 Generator stator 11 temperature 30s average
V15 Generator cooling water 2 temperature 60s average
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Variable
Figure 8. Ranking the anomaly scores of variables according to the proposed variational approach.

4.2. Ablation Study

To rigorously evaluate the contribution of each core component in the proposed CSDG-
VNF framework, we conduct a series of ablation experiments on the same dataset under
identical training and evaluation protocols. Three variants are compared:

Removes the causal masking in the temporal attention module, allowing future infor-
mation to influence past representations. The abnormal score curve is shown in Figure 9.

Time Series with Threshold Contact Points
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Figure 9. Calculation of anomaly score curves for the causal masking removal module.

https://doi.org/10.3390/mca31020035


https://doi.org/10.3390/mca31020035

Math. Comput. Appl. 2026, 31, 35 15 0f 18

Replaces the dynamic graph convolution with a simple concatenation or MLP-based
fusion of spatial and temporal features, disabling explicit inter-variable relational modeling.
The abnormal score curve is shown in Figure 10.

Time Series with Threshold Contact Points
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Figure 10. Calculation of anomaly score curves excluding dynamic image convolution modules.

Replaces the variable-level normalized flow with a standard Gaussian Mixture Model
(GMM) for joint density estimation, losing per-variable anomaly sensitivity. The abnormal
score curve is shown in Figure 11.
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Figure 11. Calculation of anomaly score curves excluding variable-level normalization flow modules.

Performance evaluation metrics include AUC values for two types of fault events and
early detection lead time (unit: minutes). The complete CSDG-VNF model achieved the
highest AUC value (0.991) and the longest average lead time (57.5 min). Removing any
component resulted in significant performance degradation:

Eliminating causal masking (DG-VNF) reduced AUC by 1.3%. Disabling dynamic
graph convolutions (CS-VNF) decreased AUC by 3.8%, confirming that explicitly modeling
variable dependencies is crucial for capturing global anomalies. Replacing variable-level
normalized flows (CSDG-GMM) caused a 9.1% AUC drop and failed to accurately localize
faults, resulting in multiple misclassifications.
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These results quantitatively validate that all three modules are indispensable. Their
synergistic integration achieves both high-precision anomaly detection and accurate
fault localization.

4.3. Computational Complexity

The computational costs of the proposed method and the compared methods are
further evaluated in this section. All experiments are conducted on the NVIDIA GeForce
RTX 4060 GPU. Unless otherwise specified, the model was trained for 300 epochs with
batch size B = 8 using the Adam optimizer with an initial learning rate of 0.01. The average
training time and inference time of different methods are listed in Table 3.

Table 3. Computation efficiency of different methods.

Method Training Time (s/epoch) Inference Time (s)
CSDG-VNF 27.42 0.84

DG-VNF 25.49 0.87
LSTM-CNN 6.23 0.13

We observe that compared to the baseline results mentioned earlier, both DG-VNF
and the proposed CSDG-VNF require longer training times than LSTM-CNN. However, in
terms of AUG scores, the proposed method outperforms both DG-VNF and LSTM-CNN.
Although the proposed DG-VNF requires longer training time than LSTM-CNN due to the
introduction of spatio-temporal self-attention and variable-level normalization flow, this
duration remains acceptable in offline training scenarios.

5. Conclusions

This paper proposes a graph learning model and a variable-level normalized flow
anomaly identification and fault localization model for a spatio-temporal attention mecha-
nism under causality. Experimental validation is carried out through SCADA data cases
of relevant wind turbine generators in China. In conclusion, the CSDG-VNF framework
effectively addresses the challenges of spatio-temporal dependency modeling and causal
consistency in wind turbine fault detection. Quantitative evaluation shows it achieves
an AUC of 0.991 on real-world SCADA data and provides early warnings over 50 min
before actual failures, significantly outperforming existing approaches such as DG-VNF
and LSTM-CNN. These results validate its practical value for improving wind turbine
reliability and reducing maintenance costs. Moreover, the method can also accomplish the
localization of wind turbine faults. The method in the paper is able to extract and fuse
spatio-temporal features, but it does not achieve abnormal diagnosis and identification
with few samples and few labels, and the classification of fault types is not accurate, and
it lacks the ability to learn and diagnose new types of faults, future research can start to
improve the intelligence level of the model to realize the diagnosis and identification of
faults with few samples and few labels, and it can start to improve the self-learning ability
of the model to learn and diagnose new fault types. self-learning and diagnosis of new
fault types.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/mca31020035/s1, Table S1: SCADA variables.
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