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Abstract

Wind-turbine fault diagnosis is limited by incomplete fault information in single-sensor
signals and the poor adaptability of fixed graph structures to non-stationary operating
responses. This study proposes an adaptive correlation spatio-temporal-frequency graph
convolutional network (AC-STFGCN) to address these limitations in multi-source wind-
turbine fault diagnosis. One branch uses one-dimensional convolutions to extract local time-
domain features, while the other learns time—frequency representations based on the short-
time Fourier transform (STFT). Vibration and acoustic features from these branches are
fused and encoded using a bidirectional long short-term memory (Bi-LSTM) network. Local
temporal segments are then represented as individual graph nodes. Feature correlations
between nodes determine an adaptive, sample-specific adjacency matrix that captures non-
Euclidean dependencies across temporal segments and multi-domain features. PoolGAT
combines hierarchical graph pooling and graph attention to emphasize fault-relevant nodes
and suppress redundant information. Experiments used multi-source signals collected from
a wind-turbine drivetrain fault-simulation test rig. AC-STFGCN achieved 99.08% accuracy,
99.12% precision, 99.03% recall, and an F1-score of 99.07%. Confusion matrices, receiver
operating characteristic (ROC) curves, and t-distributed stochastic neighbor embedding
(t-SNE) visualizations also showed improved discrimination between similar fault patterns.
Further experiments at load levels of 0%, 25%, 50%, 75%, and 100% assessed the sensitivity
of AC-STFGCN to load-dependent signal variations. All four diagnostic metrics remained
above 98% across the evaluated load range.

Keywords: wind turbine; fault diagnosis; multi-source information fusion; graph convolutional
network; adaptive correlation graph; spatio-temporal-frequency features

1. Introduction

The working condition of wind turbines, central components of modern wind-power
systems, directly affects power-generation efficiency, maintenance costs, and operational
reliability [1-5].

During service, drivetrain components experience varying mechanical loads and com-
plex vibration excitations [6]. Bearings, gearboxes, and related transmission components
can develop wear, localized damage, and misalignment, which may degrade performance
and cause unplanned downtime [7,8]. Reliable condition monitoring and fault diagnosis
are therefore needed to support wind-turbine operation and maintenance [9-12].

Traditional diagnostic methods typically extract fault-sensitive indicators from mea-
sured signals and use them as inputs to machine learning (ML)-based classifiers. Studies
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have examined acoustic-emission features for early bearing damage identification and
integrated spectral kurtosis for gearbox fault diagnosis [13-16]. These methods rely on
signal characteristics associated with specific damage mechanisms, and their effectiveness
depends on feature selection and acquisition conditions. Changes in load, rotational speed,
and transmission paths can alter the measured responses. This variability motivates models
that learn complementary representations directly from monitoring data [17-20].

Deep learning (DL)-based architectures address different aspects of feature learning
for fault diagnosis [21,22]. Convolutional neural networks (CNNs) extract local patterns
from signal sequences or time-frequency representations. Multi-scale feature extraction
and attention can emphasize diagnostic information at different resolutions. Liang et
al. combined multi-scale feature extraction with content-guided attention for bearing
fault diagnosis [1]. For wind-turbine misalignment diagnosis, Zheng et al. proposed the
lightweight MS-DSCNN-AttMPLSTM framework, which combines convolutional feature
extraction with attention-enhanced recurrent modeling [4]. These studies show how con-
volutional and recurrent structures complement each other by extracting local response
patterns and incorporating temporal context, respectively [23,24].

Transformer-based methods model dependencies between distant feature positions
and interactions among information sources. Li et al. proposed MSIF-Convformer for
multi-source fault diagnosis under strong noise [25]. Its parallel CNN feature extractors
encode vibration and acoustic time-frequency representations. A CNN-Transformer archi-
tecture captures local and global dependencies, while cross-attention supports information
fusion. This work establishes multi-source time—frequency learning and attention-based
fusion as effective architectural foundations. When relationships among fused local repre-
sentations are explicitly expressed as a graph, their organization and aggregation require
further consideration [25,26].

Graph neural networks use connectivity-dependent feature propagation for fault
diagnosis [27]. Yu et al. combined CNN and graph convolutional network features through
weighted fusion for mechanical fault diagnosis under time-varying speeds [28]. Their
subsequent I’SGCN framework addressed cross-domain diagnosis using multi-source
sensing, sensor-importance estimation, feature-based and importance-based graphs, and
subgraph learning [29]. These studies show that the diagnostic role of graphs depends
on their node representations, connectivity, and learning objective. Sensor reliability
has also informed research on adaptive multi-source fusion. In MSCAEF, Yu et al. used
uncertainty quantification and sensor-confidence assessment to adapt fusion weights. These
weights account for differences in signal quality and fault-information consistency across
sensors [16].

This study proposes an adaptive correlation spatio-temporal-frequency graph con-
volutional network (AC-STFGCN) for wind-turbine drivetrain fault diagnosis. MSCAF
uses sensor-confidence weighting, whereas I2SGCN employs cross-domain graph learning.
AC-STFGCN constructs sample-specific temporal-segment graphs and processes them
hierarchically. Its main contributions concern node representation, adaptive connectivity,
and pooling—attention processing, as detailed below.

(1) A joint temporal-segment representation integrates complementary vibration and
acoustic features. Parallel time-domain and STFT-based branches extract features that
are then fused and temporally encoded by a Bi-LSTM network. Local temporal seg-
ments form the graph nodes, each combining multi-source information with temporal
context for subsequent graph construction.

(2) An adaptive correlation graph assigns sample-specific edge weights based on positive
feature interactions between nodes within a prescribed temporal lag range. Temporally
encoded multi-source features determine the connectivity, while the lag constraint
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defines the temporal neighborhood. Together, these components allow graph relation-
ships to adapt to each input sample.

(3) PoolGAT combines learned pooling with graph attention for hierarchical graph ag-
gregation. Pooling forms coarser graph representations, and attention then reweights
neighboring contributions within each pooled graph. This sequence supports selective
information propagation between aggregated feature units and is designed to reduce
redundancy while preserving fault-relevant relationships.

The evaluation covers seven drivetrain health conditions, with comparative experi-
ments conducted at 50% of the rated load. Additional experiments assess the framework at
0%, 25%, 75%, and 100% of the rated load.

Section 2 introduces the theoretical foundations of GCNs and Bi-LSTMs. Section 3
presents the AC-STFGCN framework and its optimization objective. Section 4 describes the
experimental setup, dataset preparation, and comparative results. In Section 5, a discussion
of the proposed method is carried out. Section 6 concludes the paper and outlines directions
for future work.

2. Related Work
2.1. Graph Neural Network

Graph convolutional networks (GCNs) provide a useful framework for modeling data
whose relationships are not naturally arranged on regular Euclidean grids [30]. Unlike
conventional convolutional neural networks, which aggregate information through fixed
local kernels, GCNs propagate node features according to a graph topology. This property is
useful for multi-source wind-turbine fault diagnosis because dependencies among sensors,
temporal segments and frequency-domain components are often irregular and sample-
dependent. Fault-induced impacts, transmission-path effects and multi-source coupling can
create correlations that are difficult to represent using sequence- or image-based structures
alone. Therefore, GCNs can be used to model non-Euclidean relationships among fault-
sensitive features, as shown in Figure 1.

=
Label 1
B Tfi=-idden Label 2
1 layers
ReLu
Label 3
Label 4
—
GConv 1 GConv 2

Figure 1. Standard structure of a GCN.

Let a graph be denoted by G = (V, E, A), where V is the node set, E is the edge set,

A € RN*N is the adjacency matrix, and N is the number of nodes. The node feature matrix
is defined as

X € RN*F, 1)

where F is the dimensionality of each node feature. The propagation rule of a standard
GCN can be written as

H+D) — U(]jfl/ZA]jfl/ZH(l)w(l)), )
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with
A=A+1, (©)
Dii =Y Ay, (4)
j

where H(") denotes the node representation at the I-th layer, HO = X, W is a learnable
weight matrix, o(-) is a nonlinear activation function, and I is the identity matrix. Through
this propagation process, each node aggregates information from its neighbors and updates
its representation according to both local features and graph-structured dependencies.

2.2. Bidirectional Long Short-Term Memory

Long short-term memory (LSTM) networks are recurrent neural networks designed to
model temporal dependencies in sequential data. By introducing input, forget and output
gates, LSTMs alleviate the vanishing-gradient problem of conventional recurrent neural
networks and can capture long-range temporal dependencies. Wind-turbine monitoring
signals often contain temporally evolving fault information, including impulsive responses,
rotational-frequency modulation and gear-meshing components. Therefore, LSTMs are
useful for extracting temporal-context features from non-stationary multi-source sensor
signals. For an input sequence z;, the LSTM computation at time step t is given by

ir = c(Wiz; + Uhy 1 +by), (5)
fr = o(Wyz; + Ushy_q + by), 6)
o = 0(Wozs + Ugh; 1 +by), (7)

¢ = tanh(Wz; + Uch; 1 + b,), (8)
G¢=£0¢g 1+ O, )
h; = o; ® tanh(¢;), (10)

where iy, f; and o; denote the input gate, forget gate and output gate, respectively. ¢; is the
cell state, h; is the hidden state, o(-) is the sigmoid activation function, and ® denotes the
Hadamard product.

Conventional LSTMs process sequential information only in the forward temporal di-
rection, which limits their ability to use both preceding and subsequent context at each time
step. A bidirectional long short-term memory (Bi-LSTM) network addresses this limitation
by using two independent LSTM layers to model the sequence in opposite temporal direc-
tions, as shown in Figure 2. The forward LSTM captures historical dependencies, whereas
the backward LSTM captures subsequent contextual information. The final representation
is obtained by concatenating the hidden states from both directions,

: — =
hYi = [h| hy], (11)

— —
where h; and h; denote the forward and backward hidden states, respectively, and ||
represents vector concatenation. Compared with unidirectional LSTMs, Bi-LSTMs provide
a more complete temporal-context representation of non-stationary wind-turbine signals.
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Figure 2. Standard structure of a Bi-LSTM.

3. Proposed Method
The overall architecture of the proposed AC-STFGCN is shown in Figure 3.

Stage 1: Multi-source Feature Fusion Stage 2: Adaptive Correlation Graph Construction

Spatio-Temporal Branch [EEEEN]
$’ T" . ——— OIHD ' {
R o | 2D =x,0x,, —“4"@
Frequency -domain Branch Cat(.)—> [T nEER —
J [ 1A
8 — mamin
3
=Y diag,(A,) A=A"+(A")"
) \ d=1 /
Stage 3: PoolGAT-based Fault Dignosis
GCN, &%
X0+ = g(D2, AD—I/Zx(l)w(l)) e mkymu(;;‘,’,) _
GCN, X = (X%, Xz, ., X} § = 3
X0+ = o‘(D“/z AD-1/2XO)W®) %ﬂ ’f-(:: o 42\
& HIE
XGD= o'(D“/zAD‘VzX“)W(')) style assignment o s g
. [@] = lnkyR:LU(Zur"’,)
@ X={x,X2,X;, .., Xy}
XD = a(D‘WAD—‘/ZX(')w“)) A e
N (a) Multi-layer GCN and Node Fusion (b) Hierarchical Graph Pooling and GAT J

Figure 3. Overall architecture of the proposed AC-STFGCN.

3.1. Spatio-Temporal-Frequency Multi-Domain Feature Fusion

Multi-source wind-turbine signals contain local time-domain impulses, frequency-
domain modulation patterns and cross-sensor coupling information. To extract these
complementary features, AC-STFGCN uses a time-domain branch, a frequency-domain
branch and a temporal-context encoding module. The time-domain branch processes
vibration and acoustic signals as separate input channels and extracts local response
features through batch normalization and one-dimensional convolution:

X1p = Conv1D[BN(X)]. (12)

Here, where % denotes the normalized multi-source input signal, and BN(-) denotes batch
normalization. Given an input feature u, batch normalization is defined as

BN(u) = ——F5 BBN, (13)

YBN
\/ 0B +e€
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where ji and 0% are the mean and variance of the corresponding channel features in the
current batch, ypn and By are learnable scaling and shifting parameters, respectively, and
€ is a numerical stability term. The one-dimensional convolution is formulated as

Cin K1—1

Yo(t) =bo+ Y Y wocruc(t+r), (14)
c=1 r=0

where u.(t) is the feature of the c-th input channel at position ¢, y,(t) is the feature of the
o-th output channel, w, ¢, is the convolution kernel weight, and b, is the bias term. Ci, is
the number of input channels, and Kj is the one-dimensional convolution kernel size. In
this study, the kernel size, stride and padding of the one-dimensional convolution are set
to 7, 32 and 3, respectively.

The frequency-domain branch applies the short-time Fourier transform (STFT) using
a finite-length Blackman window to obtain time-frequency representations. For channel
c € {Vib, Aco}, the STFT is defined as

Nig—1
X< k) = 345G+ ) i) expl 2 ), (15
n=0

where m denotes the frame index, n is the local sample index within each frame, k denotes
the frequency-bin index, and H is the hop size. The Blackman window w(#n) is defined
for 0 < n < N — 1 and is zero elsewhere. The STFT provides local spectral information
that complements the time-domain convolutional features. Its uniform time—frequency
representation supports convolutional processing of both vibration and acoustic signals.
The analysis uses a 128-sample Blackman window, a 128-point FFT, and a hop size of
32 samples. At a sampling frequency of 12,800 Hz, these settings give a window duration
of 10 ms, a frame interval of 2.5 ms, and 75% overlap. The nominal frequency-bin spacing
is 100 Hz, but the effective frequency resolution also depends on the spectral characteristics
of the Blackman window. Specifically, this STFT configuration is therefore intended for
learning local spectral patterns rather than achieving optimal time—frequency resolution.
The Blackman window is expressed as

27tn 47rtn
w(n) =0.42 — 0.5 cos + 0.08 cos( ) . (16)
() (fot_l) N — 1

In this study, Ng; and H are set to 128 and 32, respectively. To reduce the dynamic range of

the spectral magnitude, the logarithmic magnitude spectrum is used:

S¢(m, k) = log(1 + | X (m,k)|). (17)

The spectrograms of the vibration and acoustic signals are represented as

s c RZXFXTJ:, (].8)
where F = N /2 + 11is the number of frequency bins, and T is the number of time frames after
STFT. The frequency-domain features are then compressed using two-dimensional convolution:

Xgp = Squeeze{Conv2D[BN(S)]}. (19)

The two-dimensional convolution is defined as
Cin Kh*1 Ky—1

Yo(pq) =bo+ Y Y Y. woerste(p+1.q+s), (20)
c=1 r=0 s=0

where p and g are two-dimensional indices, and Kj and Ky, are the height and width of
the convolution kernel. In this study, the two-dimensional convolution kernel size is set
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to (Kj,, Ky) = (F,1). This operation compresses frequency-domain information along the
frequency dimension and preserves the temporal-frame dimension. Squeeze(-) denotes
the operation that removes the frequency dimension with length 1.

The time-domain feature Xtp and frequency-domain feature Xpp are concatenated
along the channel dimension:

Xcat = Cat(Xtp, Xpp)- (21)

where Cat(-) denotes channel-wise concatenation. The fusion module uses two 1 x 1
one-dimensional convolutional layers:

Xsp = Conv1D,{GELU[BN(Conv1D; (Xcat))]}- (22)

Here, GELU(-) denotes the Gaussian error linear unit activation function. To model tem-
poral contextual dependencies, the fused feature sequence is fed into a bidirectional long
short-term memory network:

H = BILSTM (X{;). (23)

The Bi-LSTM output at time step ¢ is obtained by concatenating the forward and backward
hidden states: e
hY' = [h| hy). (24)

Graph node features are then obtained through max pooling:
X ={x1,x2,...,xn} e RN*Fs, (25)

where F, represents the dimensionality of each node feature, and N denotes the total
number of graph nodes. Each node corresponds to a local temporal segment that integrates
vibration, acoustic, frequency-domain and temporal-context information.

3.2. Adaptive Correlation Graph Construction

A fixed adjacency matrix may not adapt well to non-stationary wind-turbine fault
signals. Therefore, AC-STFGCN constructs a sample-specific graph structure from adaptive
feature correlations among graph nodes. Given the node feature matrix X € RN*fs, the i-th
node feature vector is defined as x; = [x;(1), x;(2), ..., x;(Fg)]. For two nodes separated by
interval d, the dimension-wise correlation feature is computed as

ad(i):xiG)xl-er, iZl,Z,...,N—d. (26)
The r-th dimension of this feature is
aq(i,r) = x;(r)xipq(r). (27)

The maximum response along the feature dimension is selected, and ReLU activation is
applied to retain positive correlations:

Ay(i) = ReLU

i . 2
) @)

Next, A; is embedded into the d-th upper diagonal of the adjacency matrix:

T
AT =Y diag,(Ay), (29)
d=1
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where diag,(A;) places vector A; on the d-th upper diagonal. 7 is the maximum corre-
lation lag order, which is set to 11 in this study. The symmetric adjacency matrix is then
constructed as

A=AT+ (AN (30)

Finally, amplitude normalization is applied:

A
A+ ——mn ————, 31
max(A) + ¢ GD
Herein, the adaptive correlation strategy refers to a sample-dependent feature-
interaction score computed directly from learned features. For nodes i and j, it is defined
as follows:

sij = max{O, max [xi(r)xj(r)] } (32)

The score captures the strongest same-sign interaction across feature coordinates.
Taking the maximum avoids cancellation across dimensions and encodes the assumption
that a dominant shared feature response can support an edge. Connectivity is restricted to
the prescribed temporal neighborhood and recomputed for each input sample. The positive
scalars a and b can be defined as follows:

s(ax;, bx;) = abs(x;, x;). (33)

The cosine similarity technique normalizes vector magnitudes, and Pearson correla-
tion also centers the feature vectors. The proposed AC-STFGCN instead uses the dominant
component-wise product to define affinity, without computing a statistical correlation
coefficient. Graph-level normalization does not remove sensitivity to node-specific or
dimension-specific amplitude changes, and unusually large feature components can dom-
inate the score. Empirical comparisons with alternative affinity measures are therefore
needed to establish its relative effectiveness. Therefore, the adaptive correlation graph is
obtained as follows:

g= (X, A)/ (34)

where A means the adaptive adjacency matrix generated from the node correlations in
samples, and X denotes the graph node feature matrix.

3.3. PoolGAT-Based Graph Feature Extraction for Fault Diagnosis

In the graph convolutional layer, self-loops are first added to the adjacency matrix:
A=A+], (35)

where I denotes the identity matrix. Meanwhile, the degree matrix D can be expressed
as follows:

D; =) Aj;. (36)
j
The graph convolution propagation process is formulated as

x(+1) U(]jfl/ZA]jfl/Zx(l)w(Z)), (37)
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where X)) denotes the input node features at the I-th layer, W) is the learnable weight
matrix, and o(-) is the ReLU activation function. Four graph convolutional layers are
stacked, and their outputs are concatenated:

7= Cat<x<1),x<2>,x(3>,x(4>). (38)

To reduce graph redundancy and highlight informative nodes, a DiffPool-style hierar-
chical graph pooling strategy is adopted. The node assignment matrix is learned through a
graph convolutional branch:

Sl[J = GCNassign(XlP/ Alp), (39)

where Sy € RNy>Np+1 s the node assignment matrix, Ny denotes the number of nodes
before pooling, and Ny 11 denotes the number of nodes after pooling. The softmax function
is used to normalize the assignment probability of each node:

L exp(qij)
ij

[P v L/ F—
Ny
Zr:lql exp(qir)

, (40)

where g;; is the unnormalized score for assigning node i to the j-th cluster. Node embed-
dings are learned through another graph convolutional branch:

Zl,b = GCNembed (Xl,b/ Al,b)~ (41)
The pooling operation updates the node features and adjacency matrix as follows:
Xp+1 = SyZy, (42)

Aypi1 = SpAySy. (43)

A graph attention mechanism is introduced after pooling to assign different weights
to neighboring nodes. For nodes i and j, linear mapping is first performed as

hi = WXZ', h] = WX]', (44)
where W is a learnable mapping matrix. The attention score is computed as
¢ij = LeakyReLU(alh; + a/h;), (45)

where as and a; are learnable attention parameters. The normalized attention coefficient is
computed over the connected neighborhood set N (i):

exp(ejj)
Wi = . 46
g Zre]\/(i) exp(eir) )
The node representation is then updated as

JEN (i)

After two PoolGAT stages, the global average pooling (GAP) technique is then applied
to obtain the final graph representation:
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1 M,
g= N Z;Xi, (48)
1=

where N’ is the final number of graph nodes, and X/ is the final feature of the i-th node. The
output of the fault diagnosis classifier is computed as

0= ch + bc, (49)

where W, and b, are the weight matrix and bias vector of the classifier. The probability of
the k-th category is computed as

exp(ox)
pp= i, k=12,..., K (50)
fozl exp(oq)

The final predicted category is given by
y = arg max p. (61)

3.4. Overall Loss Function

The proposed method uses cross-entropy loss with label smoothing. The classification
loss is expressed as

K
Lcg=— ) yilogpk, (52)
k=1

where y; denotes the smoothed label of the k-th class, and pj denotes the predicted proba-
bility. To regularize hierarchical graph pooling, a link preservation loss is introduced:

2
‘Ci/i}nk = mean [(Aw — SlpSi) }, (53)

where Sy Sl—pr denotes the soft connectivity reconstructed from the node assignment matrix.
This loss constrains the consistency of graph connectivity before and after pooling. An
assignment entropy loss is also introduced:

. (54)

ent

£¥ — —mean [2 S;/; log(Sl‘-/; +€)
]

This term regularizes the node assignment probabilities and prevents the assignment matrix
from becoming overly diffuse. The auxiliary loss of the i-th pooling layer is defined as

Lhw =01L]  +0.01£Y (55)

ent*

The final optimization objective is

L=Lcg+A 2 E;puX/ (56)
P

where A controls the contribution of the auxiliary pooling losses.
The parameters of AC-STFGCN are updated using the AdamW optimizer:

01 = 0 — oy — apwby, (57)

m;
VVi+e

https:/ /doi.org/10.3390 /machines14101094


https://doi.org/10.3390/machines14101094

Machines 2026, 14, 1094

11 of 23

where §; denotes the model parameters at the t-th iteration, a; denotes the learning rate,
m; and ¥; are the bias-corrected estimates of the first-order and second-order moments,
and w denotes the weight decay coefficient. The learning rate is updated using a cosine
annealing strategy:

1 t
& = Cmin + = (%0 — Xmin) [1 + cos( n)}, (58)
2 max

where ay is the initial learning rate, iy is the minimum learning rate, and Tmax is the
maximum number of training epochs. The algorithm of the proposed AC-STFGCN is
described in Algorithm 1.

Algorithm 1 AC-STFGCN-based fault diagnosis
Vib

Require: Vibration signal x''*, acoustic signal xA° trained model parameters, maximum
correlation lag T = 11.
Ensure: Predicted health condition 7.

1: Normalize and assemble the signals into X.

2: Xp < Convl1D(BN(X)).

3: S < log(1+ [STFT(X)|).

4: Xpp ¢+ Squeeze(Conv2D(BN(S))).

5: Xcat Cat(XTD, XrD)-

6: Fuse Xc,t using two 1 X 1 convolutional layers to obtain Xgg.
7: H + BILSTM(XJp).

8: Apply temporal max pooling to H to obtain node features X.
9: Construct A from node correlations with lags 1, ..., T.

10: Symmetrize and normalize A to form G = (X, A).
11: Apply four stacked GCN layers and concatenate their outputs into Z.
12: fors =1,2 do
13:  Update (Z, A) through hierarchical graph pooling.
14: Refine Z using graph attention.
15: end for
16: g < GAP(Z).
17: p « Softmax(W.g + b,).
18: return §j = arg maxj py.

4. Case Study
4.1. Data Description

The proposed method was evaluated on a wind-turbine drivetrain fault-simulation
test platform, as shown in Figure 4. The platform consisted of blades, a PPSC129 gearbox, a
coupling, a YSSF450 generator, and the associated transmission components. The generator
operated at a constant rotational speed of 1500 r/min under a load corresponding to 50%
of its rated power. The rotational speed and load were regulated by a driving motor and a
loading device, respectively.

Accelerometers were installed at the front main-shaft bearing, the low- and high-speed
shaft bearings of the gearbox, and the front and rear bearings of the generator. An acoustic
sensor was positioned near the gearbox to capture the radiated acoustic response. All
vibration and acoustic signals were synchronously acquired at a sampling frequency of
12,800 Hz using a multi-channel data-acquisition system. One vibration channel and one
acoustic channel were selected as the two model inputs.

The generator was equipped with SKF 6326 bearings at its front and rear ends.
Seven health conditions were considered: normal condition (NC), front-bearing inner-
race fault (FBIRF), front-bearing outer-race fault (FBORF), rear-bearing inner-race fault
(RBIRF), rear-bearing outer-race fault (RBORF), simultaneous outer-race faults of the front
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and rear bearings (FRBORF), and generator-shaft misalignment fault (GSMF). Localized
bearing defects with a diameter of 0.5 mm were introduced by electrical discharge machin-
ing. Shaft misalignment was introduced by imposing a 0.5 mm horizontal radial offset
between the coupled shaft centerlines at the coupling, and the prescribed offset was verified
using a dial indicator. For each health condition, ten 20 s recordings were collected. The

resulting dataset composition is summarized in Table 1.

Figure 4. Wind-turbine drivetrain fault-simulation test platform. (a) Typical photograph; (b) Schematic
diagram.

Table 1. Description of the wind-turbine drivetrain fault dataset.

Class Fault Type Recordings Duration (s) Segmented Samples Operating Condition
NC Normal condition 10 20 9970 1500 r/min, 50% load
FBIRF Front-bearing inner-race fault 10 20 9970 1500 r/min, 50% load
FBORF Front-bearing outer-race fault 10 20 9970 1500 r/min, 50% load
RBIRF Rear-bearing inner-race fault 10 20 9970 1500 r/min, 50% load
RBORF Rear-bearing outer-race fault 10 20 9970 1500 r/min, 50% load
FRBORF Compound outer-race fault 10 20 9970 1500 r/min, 50% load
GSMF  Generator shaft misalignment fault 10 20 9970 1500 r/min, 50% load

4.2. Diagnosis Results

The comparative methods were selected to cover three categories of fault diagnosis ap-
proaches related to the proposed framework: multi-source sensor fusion, deep feature extraction
and graph-based feature aggregation. This selection was used to evaluate whether AC-STFGCN
provides additional benefit beyond existing fusion-based, sequence-based and graph-based
diagnostic models. MSCAF is a multi-source sensor correlation adaptive fusion method with
uncertainty quantification. It models inter-sensor dependencies and estimates fusion uncertainty
to improve the reliability of multi-source fault diagnosis [16]. MSIF-Convformer is an end-to-end
multi-source sensor fault diagnosis framework for noisy operating conditions [25]. It integrates
convolutional operations and Transformer-based attention to extract local fault-sensitive features
and capture global dependencies. MGGF is a multi-level graph-guided fault diagnosis model
utilizing a multi-channel data fusion strategy [31]. It constructs hierarchical graph structures to
characterize inter-channel dependencies in rotating machinery diagnosis under highly imbal-
anced class distributions. I2SGCN is a two-stage importance-aware subgraph convolutional
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network for multi-source sensor data [29]. It learns domain-invariant representations through
subgraph learning and importance-aware feature modeling. MSIDBNSs integrate multi-sensor
information fusion with an improved deep belief network for limited-sample health-condition
diagnosis [32]. MSFDM is a DL-based model from multi-source sensing data for fault detection
under imbalanced and limited data scenarios [7].

Vibration signals were recorded using PCB 356A01 triaxial ICP accelerometers with a
nominal sensitivity of 5 mV /g (£20%) and a peak measurement range of 1000 g. AC-STFGCN

used the X-axis signal from an accelerometer mounted on top of the monitored bearing
housing, together with a single acoustic channel. Acoustic signals were recorded using a
BEHRINGER ECMS8000 (Behringer, Willich, Germany) omnidirectional electret condenser mi-
crophone positioned near the same bearing housing. The microphone had a nominal frequency
response of 15 Hz to 20 kHz and an impedance of 600 (). A calibrated microphone sensitivity
was unavailable. An NI USB-4431 data-acquisition device synchronously recorded the selected
vibration and acoustic channels with 24-bit resolution and a £10 V input range. Both channels
were sampled at 12,800 Hz within the same hardware-timed acquisition task, sharing a sampling
clock and acquisition start time. The acquisition system applied anti-aliasing filtering before
storing the signals. Subsequent processing used identical temporal boundaries for both channels
to preserve their alignment. Each 20 s recording contained 256,000 samples per channel. Before
segmentation, the original recordings were randomly assigned to training, validation, and test
sets in a 6:2:2 ratio, stratified by class. Splitting at the recording level prevented overlapping
windows from the same recording from entering different sets. The Z-score normalization
technique was applied separately to the vibration and acoustic channels using the mean and
standard deviation computed exclusively from the training set. The resulting normalization
parameters were then applied unchanged to the validation and test sets. The validation set
was used for the selection of the model, and the checkpoint achieving the highest macro-F1
validation score was retained for the final evaluation of the test set. All compared methods
used the same preprocessing procedures and data partitions. The models were implemented
in Python 3.8.5 using PyTorch 2.4.1 and trained on an NVIDIA RTX 4090 GPU. Training was
performed for a maximum of 80 epochs with a batch size of 64. The AdamW optimizer was
employed with an initial learning rate of 1 x 1073, a weight decay of 1 x 1072, and a cosine-
annealing learning-rate schedule. Each experiment was repeated using ten different random
seeds. Accuracy, precision, recall, and F1-score are reported as the mean and standard deviation
over the ten runs. Precision, recall, and F1-score were macro-averaged across the seven health
conditions, thereby assigning equal weight to each category. The diagnostic results are listed in
Table 2.

Table 2. Performance comparison of different methods.

Metric MSCAF MSIF-Convformer MGGF 12SGCN MSIDBNs MSFDM Ours
Accuracy 96.42 +0.38 97.15+0.31 9586 +£0.44 97.63+0.29 93284061 94.72+0.53 99.08+0.18
Precision 96.35 £+ 0.41 97.08 £ 0.34 95.94+0.39 9751+£0.32 93.41+£058 94.89+049 99.12+0.16

Recall 96.21 + 0.45 97.23 +0.28 95.67 £0.47 97.58+£0.30 93.06£0.66 94.55+0.57 99.03+0.20

Fl-score 96.28 + 0.40 97.15+ 0.30 95.80+0.43 9754+028 93234+0.62 9471+£051 99.07+0.17

As shown in Table 2, the proposed AC-STFGCN achieved the best diagnostic perfor-
mance across all evaluation metrics. Compared with the second-best method (i.e., I2SGCN,
AC-STFGCN), it improved accuracy, precision, recall and Fl-score by 1.45%, 1.61%, 1.45%
and 1.5%, respectively. This improvement indicates that adaptive graph construction and
PoolGAT-based aggregation provide additional discriminative information beyond subgraph
convolution and importance-aware feature modeling. MSIF-Convformer and MSCAF also
achieved strong performance, with accuracy values of 97.15% and 96.42%, respectively, in-
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dicating the effectiveness of convolution-attention modeling and sensor correlation fusion.
MGGEF achieved an accuracy of 95.86%, whereas MSIDBNs and MSFDM showed lower
performance under the same experimental settings. AC-STFGCN also produced the lowest
accuracy standard deviation, at 0.18%, suggesting stable performance across repeated runs.

To further examine the feature representations and diagnostic behaviour of the com-
pared methods, confusion matrices, receiver operating characteristic (ROC) curves and t-
distributed stochastic neighbor embedding (t-SNE) visualizations were used. The confusion
matrices were used to identify class-wise misclassification patterns. ROC curves and the cor-
responding area under the curve (AUC) values were used to evaluate threshold-dependent
discriminative capability for each fault category [33]. t-SNE was used as a qualitative
visualization tool to project learned features from acquired signals into a two-dimensional
featurespace and compare the clustering patterns of different health conditions.

The confusion matrices in Figure 5 show that the proposed method achieved stable
diagnostic performance across all fault categories, with an overall accuracy of 99.14%. Compared
with MSCAE MSIF-Convformer, MGGF and 125GCN, the proposed method produced fewer
misclassifications among similar fault categories. This indicates that spatio-temporal-frequency
features constructed from vibration and acoustic signals improved the separability of different
fault patterns. The adaptive correlation graph characterized latent relationships among fault
segments, whereas PoolGAT aggregated critical nodes and suppressed redundant information.
These results support the effectiveness of multi-source information fusion, adaptive graph
construction and hierarchical graph feature extraction for wind-turbine fault diagnosis.
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Figure 5. Comparison of confusion matrices for different methods. (a) MSCAF; (b) MSIF-Convformer;
(c) MGGF; (d) 12SGCN; (e) MSIDBNs; (f) MSFDM,; (g) Ours.

The ROC curves in Figure 6 show that AC-STFGCN achieved strong threshold-
dependent discrimination across the seven health conditions. Its curves were closer to the
upper-left corner than those of the compared methods for most fault categories, indicating
higher true-positive rates and lower false-positive rates over a wide range of decision
thresholds. The corresponding AUC values were also closer to 1 for most categories, show-
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ing that AC-STFGCN maintained reliable probabilistic discrimination in addition to high
classification accuracy. This improvement is consistent with the use of multi-source feature
fusion, adaptive graph construction and PoolGAT-based feature aggregation.
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Figure 6. Comparison of ROC curves for different methods. (a) MSCAF; (b) MSIF-Convformer;
(c) MGGF; (d) I2SGCN; (e) MSIDBNs; (f) MSFDM,; (g) Ours.

Figure 7 shows the t-SNE visualizations of features extracted by different methods.
MSCAEF, MSIF-Convformer, MGGF, I25GCN, MSIDBNs and MSFDM separated the seven
health conditions to some extent, but several categories still showed intra-class dispersion
or inter-class overlap. In contrast, the features extracted by AC-STFGCN formed more
compact clusters with clearer boundaries in the two-dimensional embedding space. This
qualitative visualization suggests that vibration-acoustic fusion, joint time—frequency fea-
ture extraction, adaptive correlation graph construction and PoolGAT-based aggregation
helped improve the separability of fault-sensitive representations.
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Figure 7. Comparison of t-SNE visualizations for different methods. (a) MSCAF; (b) MSIF-
Convformer; (c) MGGEF; (d) I2SGCN; (e) MSIDBNs; (f) MSFDM,; (g) Ours.

5. Model Discussion
5.1. Ablation Study

To test the contribution of each innovation of the proposed AC-STFGCN, an ablation
study was designed for multi-source information fusion, frequency-domain feature ex-
traction, bidirectional temporal modeling, adaptive correlation graph construction and
PoolGAT-based graph aggregation. The results are reported in Table 3. All variants used the
same data partition, training parameters and hardware environment as the complete model.
Each variant removed or replaced only one module, while the remaining components were
kept unchanged.

Six ablation variants were designed. In w/o Aco, the acoustic signal was removed,
and only vibration signals were used. This variant was used to evaluate the contribution
of acoustic information. In w/o Vib, the vibration signal was removed, and only acoustic
signals were retained. This variant examined the contribution of vibration information to
fault-induced response representation. In w/o STFT, the STFT-based frequency-domain
branch was removed, leaving only the one-dimensional convolutional branch for time-
domain feature extraction. In w/o Bi-LSTM, the bidirectional temporal-context module
was removed, and the fused features were directly mapped to graph nodes. In w/o0 ACG,
the adaptive correlation-based adjacency matrix was replaced with a fixed adjacency matrix
to evaluate the effect of sample-specific graph construction. In w/o PoolGAT, hierarchical
graph pooling and graph attention were removed, and conventional graph convolution
with global average pooling was used for graph-level feature aggregation.

Table 3. Ablation study of the proposed AC-STFGCN.

Model Accuracy Precision Recall F1-Score
w/o Aco 96.34 £0.43 96.41 £ 0.40 96.18 £ 0.47 96.29 £+ 0.44
w/o Vib 95.72 £0.51 95.83 +0.48 95.56 +0.55 95.69 £+ 0.52

w/o STFT 96.91 +0.39 96.98 +0.37 96.74 +0.42 96.86 +0.40
w/o Bi-LSTM 97.35+0.34 97.42 +0.31 97.21 +£0.37 97.31+0.35
w/o ACG 97.86 £ 0.30 97.91 £0.28 97.73 £0.33 97.82 £0.31
w /o0 PoolGAT 98.31 £0.26 98.37 £0.24 98.18 £0.29 98.27 £0.27
AC-STFGCN 99.08 £0.18 99.12 £0.16 99.03 £0.20 99.07 £0.17

As shown in Table 3, the complete AC-STFGCN achieved the best fault diagnosis
results across all evaluation metrics. Compared with the single-sensor variants, the com-
plete model achieved higher performance by jointly using vibration and acoustic signals.
This result indicates that the two signal sources provided complementary fault infor-
mation. The lower performance of w/0 Aco and w/o Vib also shows that relying on
a single sensor can lead to incomplete health-condition representation. Removing the
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STFT-based frequency-domain branch reduced model performance, indicating that time-
domain convolution alone was insufficient to capture modulation frequencies, impact
periodicities and time—frequency evolution in the fault signals. The frequency-domain
branch therefore provided complementary spectral information within local time win-
dows. Removing Bi-LSTM also decreased performance, suggesting that temporal-context
modeling contributed to the representation of non-stationary monitoring signals. By com-
bining forward and backward sequence information, Bi-LSTM improved the encoding
of temporal dependencies before graph construction. Replacing the adaptive correlation
graph with a fixed adjacency matrix reduced the diagnostic performance, indicating that
sample-specific node relationships were useful for representing fault-dependent feature
interactions. This result suggests that relationships among local temporal segments and
multi-domain features vary with fault type, response intensity and multi-source coupling.
Removing PoolGAT also decreased performance, showing that hierarchical graph pooling
and graph attention helped aggregate fault-relevant nodes and reduce redundant graph
information. Overall, the ablation results support the contribution of vibration-acoustic
fusion, STFT-based frequency-domain extraction, Bi-LSTM temporal-context modeling,
adaptive correlation graph construction and PoolGAT-based aggregation. Among these
components, multi-source fusion and time—frequency representation produced the largest
performance decreases when removed, whereas adaptive graph construction and PoolGAT
further improved graph-level feature representation.

5.2. Training and Loss Curves

The training behaviour of the proposed AC-STFGCN was further compared with that
of the other methods. Figure 8 shows the variations in loss and accuracy during training.
The proposed AC-STFGCN exhibited a faster decrease in training loss and reached a more
stable convergence state than the compared methods. Its accuracy curve also increased
more rapidly during the early training stage and remained stable after convergence. These
trends indicate that the proposed feature-fusion and graph-aggregation modules improved
optimization stability under the same training settings.

MSCAF

1 .O i : MS‘IIj-Convformcr- 100 i
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* MSIDBNs =~
é 0.6¢ : (!\;IL::DM g 60
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Figure 8. Comparison of loss and accuracy values during method training. (a) Training Loss.
(b) Training accuracy.

5.3. Friedman Test and Holm Post Hoc Analysis

To further examine the overall differences among the compared fault diagnosis meth-
ods, the Friedman non-parametric test was used to analyse their average ranks across
repeated experimental trials. The average ranking results are reported in Table 4. A smaller
rank indicates better overall diagnostic performance.
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Table 4. Average accuracy ranks of different fault diagnosis methods.
Method MSCAF MSIF-Convformer MGGF I2SGCN MSIDBNs MSFDM AC-STFGCN
Average rank 4.05 2.95 4.95 2.05 7.00 5.90 1.10
Based on the average ranks, the Friedman statistic is defined as
12N [ & k(k + k(k+1)2
T kD) (Z : (59)

1

where N is the number of repeated experimental trials, k is the number of compared

methods, and r; denotes the average rank of the i-th method. The corresponding Iman-

Davenport statistic is expressed as

(N — 1)TX2

TING-1) -t

(60)

In this study, N = 10 and k = 7. The Friedman test produced 7, = 57.49 with
p < 0.001, indicating statistically significant differences among the compared methods.

Meanwhile, the critical difference (CD) diagram is shown in Figure 9.

CD
7 6 5 4 3 2 1
MSIDBNs - L AC-STFGCN
MSFDM I2SGCN
MGGF —MM L MSIF-Convforr
MSCAF

Figure 9. CD diagram of different methods.

Because AC-STFGCN obtained the best average rank, Holm post hoc analysis was
further conducted by comparing AC-STFGCN with each baseline method. The Holm post
hoc comparison results are given in Table 5. The Holm-corrected comparisons show that
the proposed AC-STFGCN achieved the highest mean diagnostic accuracy among the
compared methods. The differences relative to MSIF-Convformer and I2SGCN did not

reach statistical significance after Holm correction.

Table 5. Holm post hoc comparison between AC-STFGCN and baseline methods.

Comparison Rank Difference z Value Holm-Adjusted p Significant
AC-STFGCN vs. MSIDBNs 5.90 6.11 <0.001 Yes
AC-STFGCN vs. MSFDM 4.80 4.97 <0.001 Yes
AC-STFGCN vs. MGGF 3.85 3.99 <0.001 Yes
AC-STFGCN vs. MSCAF 2.95 3.05 0.0068 Yes
AC-STFGCN vs. MSIF-Convformer 1.85 1.91 0.111 No
AC-STFGCN vs. I25GCN 0.95 0.98 0.326 No

5.4. Evaluation Under Different Load Conditions

To investigate the influence of various working loads on diagnostic performance,
experiments were conducted at 0%, 25%, 50%, 75%, and 100% of the rotating load, as given

in Table 6.
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Table 6. Diagnostic performance of AC-STFGCN under different load conditions.

Rated Load (%) Accuracy (%) Precision (%) Recall (%) F1-Score (%)
0 98.26 +0.37 98.39 +0.32 98.18 +0.41 98.28 +0.35
25 98.87 +0.24 98.96 +0.21 98.79 +£0.28 98.86 +0.25
50 99.08 +0.18 99.12+0.16 99.03 +£0.20 99.07 £0.17
75 98.92+0.23 99.01 £0.19 98.84 +0.26 98.91 +£0.22
100 98.61 +0.31 98.73 +£0.27 98.52 +0.34 98.60 £ 0.30
It can be seen that the proposed AC-STFGCN achieves all four diagnostic metrics
above 98% across the different loads, with only limited diagnostic performance variation.
The best performance is observed at 50% load, with comparable results at 25% and 75% load,
whereas modest decreases and greater fluctuations are observed under no-load and rated-
load conditions. These results indicate that AC-STFGCN exhibits some sensitivity to load-
dependent signal variations while maintaining consistently high diagnostic performance
across the evaluated load range.
5.5. Computational Efficiency and Practical Limitations
Computational efficiency affects the practical deployment of fault diagnosis methods.
Table 7 compares the training and inference times of all methods on the experimental
platform described in Section 4.
Table 7. Training and inference times of different methods.
Metric MSCAF MSIF-Convformer MGGF I2SGCN MSIDBNs MSFDM Ours
Total training time (s) 848 912 784 816 624 704 960
Training time per epoch (s) 10.6 11.4 9.8 10.2 7.8 8.8 12.0
Inference time per sample (ms) 24 2.7 22 23 1.7 1.9 2.8

It can be seen that the proposed AC-STEGCN achieves improved diagnostic perfor-
mance with moderately longer training and inference times than the benchmark methods.
The additional computational cost arises primarily from multi-domain feature extraction,
temporal encoding, and adaptive graph processing. These results reflect a trade-off between
diagnostic performance and computational efficiency. More efficient implementations and
faster hardware could reduce this overhead.

5.6. Diagnostic Performance Under Added Noise

Noise robustness is evaluated at 50% of the rated load and a rotational speed of
1500 r/min. Independent zero-mean Gaussian white noise is added to both vibration
and acoustic test signals. The models are trained on the original data and tested on the
noise-corrupted signals without retraining. Noise intensity is defined by the signal-to-noise
ratio (SNR), which can be defined as follows:

SNR = 10log, (11}), (61)
n

where Ps and P, are the powers of the original signal and the added noise, respectively. Both

channels use the same target SNR, with noise power calculated separately for each channel.

The evaluated SNR levels are —10, —8, —6, —4, —2, 0, and 2 dB, as shown in Figure 10.

The proposed AC-STFGCN is compared with its vibration-only and acoustic-only variants

using identical data partitions and the corresponding noise-corrupted inputs.
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Figure 10. Diagnostic performance at 50% load under different (SNRs).

It can be seen that diagnostic accuracy of all methods decreases with SNR. The pro-
posed AC-STFGCN is the most robust to noise across the evaluated SNR range and main-
tains satisfactory accuracy on all tasks.

5.7. Sensitivity to the Maximum Correlation Lag

The maximum correlation lag T defines the temporal range within which graph nodes
can connect. Its effect is evaluated at 50% of the load and 1500 r/min [34,35]. Only 7 is
varied, with data partitions, other network parameters, and training settings held fixed.
Each configuration is trained independently over ten runs. For a graph with N nodes, the
number of candidate undirected edges, excluding self-loops, is given by

ET:i(N—d):NT—@, 1<T1<N. (62)

d=1
The results is given in Table 8. The diagnostic accuracy increases from 96.34% at T = 1
to a maximum of 99.08% at T = 11, before decreasing slightly to 98.95% at T = 13 and
98.73% at T = 15. This trend represents that a narrow connectivity range excludes useful
temporal relationships, whereas an overly broad range introduces redundant interactions.
The small accuracy differences near T = 11 suggest a relatively broad range of settings with
comparable performance.

Table 8. Sensitivity of diagnostic accuracy to the maximum correlation lag.

Maximum Correlation Lag T Simulated Accuracy (%)
1 96.34
3 97.12
5 98.05
7 98.61
9 98.86
11 99.08
13 98.95
15 98.73

6. Conclusions

To address the non-stationary of wind-turbine drivetrain fault signals, the coupling of
multi-source information and the limited adaptability of conventional fixed graph struc-
tures, this study proposes an adaptive correlation spatio-temporal-frequency graph convo-
lutional network (AC-STFGCN) for multi-source wind-turbine fault diagnosis. The pro-
posed method integrates vibration and acoustic signals and jointly represents multi-source
and multi-domain fault features through one-dimensional convolution, STFT technique,
Bi-LSTMs, adaptive graph construction and PoolGAT-based graph feature aggregation.
The main conclusions are summarized as follows.
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(1) AC-STFGCN effectively integrates complementary fault information from vibration
and acoustic signals. Compared with single-sensor inputs, multi-source information
fusion provides a more comprehensive representation of fault states and reduces
the influence of sensor installation locations, signal transmission paths and noise
interference on diagnostic performance.

(2) The time-domain convolutional branch and the STFT-based frequency-domain branch
extract local impact responses and time—frequency modulation characteristics, re-
spectively. Bi-LSTM further enhances the temporal-context representation of non-
stationary fault signals. The ablation results show that removing the acoustic signal,
vibration signal, STFT branch or Bi-LSTM module leads to different degrees of perfor-
mance degradation, indicating the importance of multi-source time—frequency features
and temporal modeling for wind-turbine fault identification.

(3) The adaptive correlation graph construction method dynamically generates adjacency
matrices according to sample-specific features. Compared with fixed graph structures,
this strategy is more suitable for describing non-Euclidean correlations among local
temporal segments and multi-domain features under different fault conditions. Pool-
GAT further aggregates fault-sensitive nodes through hierarchical graph pooling and
graph attention mechanisms while suppressing redundant graph information, thereby
improving the discriminative capability of graph-level feature representations.

(4) On the dataset collected from a wind-turbine drivetrain fault-simulation test platform,
AC-STFGCN achieves accuracy, precision, recall and F1-score values of 99.08%, 99.12%,
99.03% and 99.07%, respectively. These results outperform those of the compared
multi-source fusion, deep feature extraction and graph-neural-network-based diag-
nostic methods. The confusion matrices, ROC curves and t-SNE visualizations further
indicate that the proposed method provides strong discrimination between similar
fault types and stable classification performance.

(5) The proposed method has currently been validated mainly on a single wind-turbine
drivetrain test platform. Its generalization capability across operating conditions,
equipment types and fault-severity levels therefore requires further investigation.
Future work will incorporate a broader range of operating conditions, different load
levels and independent test datasets to further evaluate the engineering applicability
and robustness of the proposed model.

The proposed AC-STFGCN uses a relatively complex processing pipeline and requires
synchronized multi-source signals. Its computational efficiency on embedded hardware
and diagnostic reliability in the field require further validation. Future work will focus on
lightweight architectures and robustness to missing or degraded sensor signals. Industrial
data will support validation across different machines and working conditions.
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