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ABSTRACT    Recently, intelligent fault diagnosis methods have been employed in the condition monitoring of rotating
machinery.  Among  them,  graph  neural  networks  are  emerging  as  a  new  feature  extraction  tool  that  can  mine  the
relationship characteristics between samples. However, many existing graph construction methods suffer from structural
redundancy or missing node relationships, thus limiting the diagnosis accuracy of the models in practice. In this paper, an
adaptive adjustment k-nearest neighbor graph-driven dynamic-weighted graph attention network (AAKNN-DWGAT) is
proposed to  address  this  problem.  First,  time-domain  signals  are  transformed into  frequency-domain  features  by  using
fast  Fourier  transformation.  Subsequently,  a  frequency  similarity  evaluation  method  based  on  dynamic  frequency
warping is proposed, which enables the conversion of distance measurements into a frequency similarity matrix (FSM).
Then,  an  adaptive  edge  construction  operation  is  conducted  on  the  basis  of  FSM,  whereby  the  effective  domain  is
captured for each node using an adaptive edge adjustment method, generating an AAKNN graph (AAKNNG). Next, the
constructed AAKNNG is fed into a dynamic-weighted graph attention network (DWGAT) to extract the fault features of
nodes layer by layer. In particular, the proposed DWGAT employs a dynamic-weighted strategy that can update the edge
weight  periodically  using  high-level  output  features,  thereby  eliminating  the  adverse  impacts  caused  by  noisy  signals.
Finally, the model outputs fault diagnosis results through a softmax classifier. Two case studies verified the effectiveness
and the superiority of the proposed method compared with other graph neural networks and graph construction methods.
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1    Introduction

Rotating  machinery,  such  as  engines,  gearboxes,  and
axial  flow  pumps,  are  essential  equipment  in  industrial
production  [1].  However,  it  is  prone  to  various
operational risks, including bearing wear and gear failure,
which can result in economic losses and serious accidents
[2,3]. Therefore, fault diagnosis technology is crucial for
monitoring  and  analyzing  mechanical  operation  states,
promptly  identifying  potential  problems,  and  improving
equipment reliability.
Recently, intelligent fault diagnosis (IFD) has emerged

as  a  prominent  research  area  [4–7].  Traditional  IFD
methods  usually  utilize  simple  machine  learning  models
such  as  artificial  neural  networks  [8],  extreme  learning
machines  [9],  and  support  vector  machines  [10,11].

Nevertheless,  these  methods  suffer  from  a  shallow
architecture  and  exhibit  suboptimal  performance  in  fault
diagnosis. With the advancement of deep learning, neural
network models with complex structures are employed to
fill this gap [12]. For instance, Li et al. [13] introduced a
wavelet  capsule  network  for  compound  fault,  consisting
of  wavelet  convolution  layers  and  two  capsule  layers.
This  network  achieved  higher  compound  fault  diagnosis
accuracy  under  the  scenario  of  incomplete  fault  data.
Xing et  al.  [14] introduced deep belief networks into the
fault  diagnosis  task,  which  can  autonomously  learn
distribution-invariant  features  from  raw  vibration  data,
resulting in substantial recognition accuracy.
However,  conventional  deep  learning  methods  assume

independence  and  identical  distribution  of  samples  and
neglect  the  organizational  information  within  the  data
[15,16].  As  a  framework  that  can  jointly  represent  data
and  their  interconnections,  graph  theory  provides  an
effective  pathway  for  mining  the  internal  features  of
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samples  and  their  relationship  network  [17].  On  this
basis,  graph  neural  networks  (GNNs)  have  emerged,
which  can  enable  feature  extraction  by  the  transfer  and
aggregation  of  information  between  nodes  [18].  It  has
been  applied  in  many  prediction  or  classification  tasks,
such  as  remaining  useful  life  prediction  [19],  social
network  analysis  [20],  and  knowledge  graphs.  As  a
widely adopted GNN method in different research areas,
graph  convolutional  networks  (GCNs)  can  extract  graph
structure  features  through  convolutional  operations
[21,22].  For  example,  Chen  et  al.  [23]  employed  the
structural  analysis  method  for  pre-diagnosis  and
establishing the correlation graph, which is then inputted
into a GCN to identify the fault types of a traction system.
Zhao  et  al.  [24]  presented  a  temporal  convolutional
network  model  for  traffic  prediction  in  urban  road
networks.  Chen  et  al.  [25]  proposed  a  multichannel
domain  adaptation  GCN  to  extract  domain-invariant
features  under  varying  working  conditions.  However,
importance  differences  between  neighbor  nodes  in  the
graph  feature  learning  process  of  GCN  were  rarely
considered in previous studies [26].
Graph  attention  network  (GAT)  overcomes  the  above

limitations of the original GCN. It introduces an attention
mechanism  that  fuses  the  attention  coefficients  of
neighbor  nodes  into  the  information  aggregation  of  the
source node [27]. For instance, Jiang et al. [28] applied a
multi-head  GAT  network  (MHGAT)  to  bearing  fault
diagnosis,  which  obtains  feature  relationships  between
nodes through the parallel computation of multiple graph
attention  heads  and  achieves  reliable  diagnostic  results.
Ding et al. [29] introduced a multi-modal spatial-temporal
GAT  for  multi-modal  time  series  anomaly  detection.
Zhang et al. [30] proposed a multi-scale channel attention-
driven  graph  dynamic  fusion  network  for  mechanical
fault  diagnosis,  which  explores  the  importance
differences  between  channels  at  multiple  scales.  In
general,  the  effect  of  these  GNN-related  methods  is
highly  influenced  by  the  graph  construction  process.
Recently,  some  studies  have  used  k-nearest  neighbor
graphs  (KNNGs)  to  construct  the  graph  data.  For
instance, Tao et al. [31] proposed a GAT model based on
pooling  KNNG,  which  achieves  a  high  diagnosis
accuracy under a small number of labeled samples. Yu et
al. [32] extracted time and frequency-domain features for
calculating  Euclidean  distance  to  build  node-level
KNNG.  Xie  et  al.  [33]  proposed  a  graph  construction
method  combining  KNNG  and  kernel  functions.
However, original KNNGs usually require setting a fixed
value of k, which represents the same number of neighbor
nodes,  thus  inevitably  causing  redundancy  in  the  graph
structure.  The  redundant  edge  connections  not  only
increase  the  model’s  training  time  but  also  introduce
uncertain  neighbor  information.  Particularly  in

workplaces  with  high  levels  of  noise  from  rotating
machinery,  the  neighbor  information  from  redundant
edges  may  introduce  more  noisy  signals,  which
negatively  affect  the  judgment  of  the  central  node
[34,35].
According  to  the  above  analysis,  GNN-related  fault

diagnosis studies for rotating machineries face three main
challenges:  1)  Finding  a  reliable  way  to  construct  edge
connections  is  a  complex  task  that  requires  comprehen-
sive  consideration  of  the  node  attributes,  and  task
requirements.  2)  The  required  neighborhood  information
varies  for  different  nodes because of  differences  in  node
attributes. This situation makes traditional KNNG with a
fixed  value  of  k  susceptible  to  introducing  incorrect
information.  3)  Considering  the  noise  interference  in
actual  operating  conditions  of  rotating  machinery,
ensuring  the  reliability  of  the  GNN  model  training
process is challenging.
To address the above problems, this paper proposes an

adaptive  adjustment  k-nearest  neighbor  graph-driven
dynamic-weighted GAT (AAKNN-DWGAT). To address
the  first  challenge,  this  paper  presents  a  dynamic
frequency  warping  (DFW)  method  to  calculate  the
frequency  similarities  between  the  nodes,  which  can
capture  the  feature  relationships  between  nodes  more
accurately  than  the  Euclidean  distance  metric.  For  the
second  challenge,  the  proposed  method  employs  the  3σ
criterion  and  the  second-order  difference  method  to
optimize  the  original  graph  structure.  This  approach
ensures that each node is assigned an appropriate number
of  edge connections.  For  the third challenge,  a  DWGAT
is  designed,  which  can  dynamically  adjust  the  edge
weights  according  to  the  high-level  output  features.  The
model  training process  progresses  toward loss  reduction.
Thus,  high-level  features  obtained  through  multiple
iterations  contain  more  fault  information,  which  can  be
used to update the edge weights and reduce the negative
influence  of  noisy  signals.  The  primary  contributions  of
this paper are as follows:
(1)  A  DFW  method  is  designed  to  achieve  the  time-

frequency  domain  transformation  and  frequency  simila-
rity  assessment,  thereby  enhancing  the  reliability  of  the
graph structure.
(2) An adaptive edge adjustment method that identifies

the  inflection  points  of  similarity  distribution  and
eliminates  outliers  is  proposed.  It  constructs  a  weighted
topological  graph  structure  with  adaptive  edge  adjust-
ment,  thereby  enhancing  the  graph’s  representation
ability.
(3) A dynamic-weighted GAT (DWGAT) is developed

to  extract  discriminative  fault  information  from multiple
scales  and  classify  the  final  fault  labels,  where  the
proposed  dynamic  weighting  strategy  can  reduce  the
impact  of  noise  interference  on  the  input  graph  to  some
extent.
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(4)  The  effectiveness  and  noise  robustness  of  the
proposed AAKNN-DWGAT method are validated by two
case studies for rotating machinery. 

2    Preliminaries
 

2.1    Graph theory

Graph  is  a  data  structure  composed  of  a  set  of  nodes
(vertices)  and  edges  that  connect  these  nodes.  It
frequently  offers  sophisticated  and abstract  depictions  of
real-world  issues,  such  as  social  network  graphs  or
citation network graphs.
Various graph construction methods exist, including the

ε-ball neighborhood and KNNG. ε-graph, also known as
epsilon  graph,  is  a  graph  structure  in  which  the
connectivity  between  nodes  is  determined  by  their
similarity.  In  an  ε-graph,  a  similarity  measure  (such  as
Euclidean  distance)  is  calculated  for  each  pair  of  nodes.
The  obtained  similarity  value  is  then  compared  with  a
predefined  threshold  ε.  If  the  similarity  between  two
nodes exceeds ε, then they are considered neighbor nodes
and connected by an edge in the graph.

G = {V,E,A,F}

F ∈ Rm×n

H ∈ Rm×m

Wi j = ∥F1−F2∥2

In the KNN algorithm, the k-nearest neighbors for each
node  are  determined  by  calculating  the  distances  or
similarities  relative  to  those  neighbors.  The  obtained
KNNG at  the  node  level  is  an  undirected  graph that  can
be  mathematically  represented  as  ,  where
V denotes the set of nodes, E represents the collection of
edges  among  samples  that  establishes  the  connections
between  nodes,  and  A  denotes  the  adjacency  matrix,
which  represents  the  connectivity  relationship  between
nodes.    represents  the  feature  matrix  of  the
nodes,  where m  represents  the  number  of  nodes,  and  n
represents  the  dimensionality  of  the  node  features.  The
first  step  in  constructing  KNNG  is  to  calculate  the
distance  matrix  ,  where  the  elements

 represent the Euclidean distance between
the feature vectors of nodes. This distance matrix is used
to  identify  the  k-nearest  neighbors  for  each  node,
generating the collection of  edges E among samples  and
constructing the adjacency matrix A.
 

Ai j =

{
1 if Vi j ∈ E,
0 otherwise.

(1)
 

2.2    Multi-head graph attention network

The  attention  mechanism  is  designed  to  emulate  the
cognitive process of human information processing. Such
a  mechanism  enables  models  to  focus  selectively  on
specific  input  segments  and  allocate  more  attention  and
resources to them, thereby improving model performance.
Recent  studies  have  successfully  incorporated  the
attention  mechanism  into  GNN,  resulting  in  the

emergence  of  GATs.  GATs  can  efficiently  learning
features and representations from graph data.
The MHGAT captures the feature relationships among

nodes by performing parallel computations with multiple
graph  attention  heads.  Each  attention  head  calculates
attention  coefficients  between  neighbor  nodes  and
aggregates  node  information  through  a  weighted
summation approach. Ultimately, an improved final node
representation  can  be  obtained  by  concatenating  or
averaging  the  attention  results  obtained  from  multiple
heads. 

2.2.1    Attention coefficient calculation

In  the  feature  learning  process  of  GNN,  attention
coefficients  serve as a crucial  metric for  determining the
allocation  of  weights  between  nodes.  The  mathematical
definition  of  the  similarity  coefficient  eij,  which
represents  the  degree  of  similarity  between  any  given
node  vi,  and  its  neighbor  node  vj  can  be  expressed  as
follows:
 

ei j = a
([

Whi||Wh j
])
, j ∈ N, W ∈ Rd(l+1)×d(l), (2)

W ∈ Rd(l+1)×d(l)
where  hi  denotes  the  feature  vector  of  node  vi,  while  hj
signifies  the  feature  vector  of  node  vj. 
represents  the  weight  parameters  used  for  transforming
node  features,  with  d(l)  representing  the  length  of  the
feature  vector  at  the  lth  layer. N  denotes  the  set  of  all
neighbor  nodes  of  vi.  As  shown  in  Fig. 1,  initially,  the
nodes  employ  linear  transformation  using  the  weight
matrix W  to  enhance  their  features.  Then,  the  enhanced
node vectors vi and vj are concatenated. Subsequently, the
concatenated high-dimensional features are mapped to the
real  domain  using  the  function  a(∙),  with  LeakyReLU
serving  as  the  nonlinear  activation  function.  Finally,  the
attention  coefficients  αij  are  obtained  through  softmax
normalization. The above calculation process is expressed
as Eq. (3).
 

αi j =
exp(LeakyReLU(a(Whi||Wh j)))∑

k∈N exp(LeakyReLU(a(Whi||Wh j)))
. (3)

 
 

 
Fig. 1    Calculation of the attention coefficient. 
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2.2.2    Feature aggregation

Enhanced  through  feature  combination  and  nonlinear
activation function, the aggregation feature of the central
node is obtained as follows:
 

h′i = Sigmoid

∑
j∈N

αi jWh j

 , (4)

where  Sigmoid  means  the  activation  function  of  this
graph  attention  layer  (GAL),  which  is  used  to  achieve
nonlinear transformation. 

2.2.3    Multi-head attention mechanism

h′′i
The  MHGAT  integrates  several  attention  heads  to
concurrently  calculate  the  aggregated  feature    from
different  attention  scales.  A  more  comprehensive  and
abundant  node  representation  can  then  be  obtained,  as
illustrated in Fig. 2.
 

h′′i = ∥LL=1Sigmoid

∑
j∈N

αij
LWLh j

 , (5)

∥LL−1

αL
i j

WL

where    denotes  the  feature  concatenation  operation,
with  L  attention  scales.    signifies  the  attention
coefficients of the Lth attention head, and   denotes the
weight matrix of the corresponding attention head.

 
 

 
Fig. 2    Information aggregation of MHGAT. 

3    Proposed fault diagnosis method

The  main  procedure  consists  of  four  steps:  node  feature
extraction,  distance  matrix  calculation,  edge  connection
establishment,  and  fault  diagnosis  based  on  DWGAT.
The details are shown in Fig. 3. The proposed method can
be  summarized  into  two  parts:  the  proposed  AAKNN
graph (AAKNNG) construction and fault diagnosis based
on DWGAT. 

3.1    Proposed AAKNNG construction
 

3.1.1    Node feature embedding

The  nodes  within  the  AAKNNG  represent  the  collected
samples, and the node features V are embedded from the
raw time-domain signals. 

3.1.2    Adaptive edge connection construction

After  node  embedding,  the  next  step  is  to  establish
reliable  edge  connections  between  nodes.  A  novel
adaptive edge adjustment method is proposed to find the
proper  number  of  neighbors  for  different  nodes.  This
method can be divided into two stages.
(1) Preliminary construction of edge connections based

on DFW
In  contrast  to  the  conventional  Euclidean  distance-

based  metric  approach,  we  propose  a  DFW  method  to
measure  the  similarity  between  nodes  and  assign  edge
connections  to  highly  similar  nodes.  DFW  not  only
considers  the  distance  between nodes  but  also  takes  into
account the interrelationships between frequency nodes in
the sample, thereby being more appropriate for capturing
local  similarity  with  fault  features  in  the  samples.
Furthermore, DFW exhibits a certain degree of robustness
to  noise  and  deformation  in  the  samples,  enabling  it  to
adapt to minor deformations and distortions in nodes.
Fault  features  are  usually  more  pronounced  in  the

frequency  domain.  Thus,  fast  Fourier  transform  (FFT)
needs  to  be  used  for  subsequent  edge  connection
adjustments.
 

Fi = |FFT (Xi)|2, i = 1, . . . ,m, (6)
Xi = {xi,1, xi,2, ..., xi,2n}

Fi = { fi,1, fi,2, ..., fi,n}

D ∈ Rm×m

where   denotes  the  ith  sample.  After
FFT,  the  result  is  a  centrosymmetric  spectrum  and  the
half  spectrum    is  intercepted.  Then,
the  obtained  two  groups  of  node  features, Fi  and Fj,  are
computed  by  using  the  Euclidean  distance  method  to
obtain the value of  . The calculation equation is
provided below.
 

Di j =

√(
Fi−F j

)2
, i, j = 1, ...,m. (7)

In  the  next  step,  we  accumulate  the  distance  matrix D
and  compute  the  minimum  distance  from  the  starting
point  to  each  point,  which  is  then  represented  by  the
cumulative  distance  matrix  C.  The  equation  for
calculating C(a,b) can be expressed as
 

C (a,b) = D (a,b)+min{C (a−1,b) ,
C (a,b−1) ,C (a−1,b−1)}. (8)

As  shown  in Fig. 4,  in  the  cumulative  distance  matrix
C,  the  value  of C(n,n)  in  the  upper  right  corner  denotes
the minimum cumulative distance from the starting point
to  fi,n  and  fj,n.  To  minimize  the  cumulative  distance,  the
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H ∈ Rm×m

warping  path  starts  from C(n,n),  and  then  moves  down,
left,  and bottom-left along the minimum value in C until
C(1,1)  is  reached,  thereby  obtaining  the  sum  of  the
distances  on  the  shortest  backtracking  path,  which
determines  the  similarity Hij  between  the  two  samples.
Subsequently,  we  extend  the  above  calculation  to  m
samples and obtain the frequency similarity matrix (FSM)
H, where  .
(2) Adaptive edge adjustment
With the differences between node attributes, they have

different  dependence  degrees  on  neighborhood
information. In this situation, a fixed number of neighbors
would  cause  a  redundant  graph  structure  and  introduce
uncertain  information.  Therefore,  an  adaptive  edge
adjustment  method  is  presented  to  remove  the  needless
edge  connections  for  each  node,  which  consists  of  the

 

 
Fig. 3    Procedure of the proposed method.

 

 
Fig. 4    Schematic of the DFW calculation.
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steps below.

HN = {HN
11,H

N
21, ...,

HN
m1}

First,  to  identify  the  outlier  nodes  whose  deviations
from any other node exceed the normal range, we employ
the 3σ criteria to determine the outlier nodes. We initially
sort  the  FSM  and  take  the  nonzero  minimum  similarity
between  each  node  and  the  other  nodes  to  obtain  the
nonzero  minimum  similarity  matrix 

.  According  to  the  3σ  criterion,  the  node  can  be
identified  as  an  outlier  or  abnormal  situation  if  its
deviation surpasses the range of the mean plus or minus 3
standard deviations, as described in Eq. (9).
 

Ti : ∀
∣∣∣HN

i1 −HN
j1

∣∣∣ > µ±3σ, j ∈ {1,2, ...,m} , (9)

HN
i1

HN
j1

where  Ti  denotes  the  calculated  abnormal  node, 
represents  the  ith  node’s  nonzero  minimum  similarity,

  represents  any  other  node’s  nonzero  minimum
similarity, and σ is the standard deviation of the nonzero
minimum similarity among all samples. By applying this
criterion,  we  can  obtain  outlier  nodes  that  demonstrate
significant differences from any other node. These outlier
nodes  will  be  isolated  and  excluded  from  the  edge
construction process.
Second, a second-order difference method is employed

to  apply  adaptive  edge  adjustment  to  the  remaining
nodes.  The  second-order  difference  can  apply  two
discrete  differences  to  data,  which  effectively  converts  a
node’s  sequence  of  similarity  with  other  nodes  into  a
representation  of  its  rate  of  change  or  gradient  and
identifies  the  inflection  points  of  similarity  distribution,
thereby obtaining more abundant node information. After
H is acquired, the similarity between each node and other
nodes is initially ordered to procure the ordered similarity
matrix  denoted  as  H'.  Subsequently,  second-order
difference  processing  is  carried  out  on H'.  Calculations
are shown as follows:
 

Si =
∂2H′

∂x2
= H′i (x+1)+H′i (x−1)−2H′i (x),

x ∈ 2,3, . . . ,m−1, (10)

H′i (x)
where Si denotes the second-order difference result of the
ith  node,  and    represents  the  ordered  frequency
similarity matrix between the ith node and xth node. The
calculation of the second-order difference matrix displays
the trend of  similarity  changes between the  ith  node and
every  other  node.  Subsequently,  the  inflection  point,  at
which  the  similarity  changes  between  nodes  are  more
abrupt, can be identified, i.e., the minimum value point of
the  second-order  difference  matrix.  In  our  method,  the
location (point index) of the inflection point is used as the
setting  number  (ki)  of  edges  for  this  central  node  i.
Simultaneously, kmax is established to prevent excessively
high ki values for specific nodes. Finally, we construct the
adaptive  edges  (Ek)  of  the  nodes  on  the  basis  of  ki  and
kmax. The proposed method can effectively and adaptively
identify the optimal number of edge connections for each

central node.
Edge  weights  are  incorporated  in  the  construction  of

AAKNNG to  highlight  the  priority  of  edge  connections,
thereby  underscoring  the  significant  degree  of  relation-
ships between nodes. Preliminarily,  the edge weights are
calculated  by  Eq.  (11),  which  will  be  further  updated  in
the subsequent graph feature learning process.
 

wij = 1− j
ki
, j = 0,1, . . . ,ki−1, (11)

where  j denotes any neighbor of  node  i.  With increasing
distance, the weight of the edge diminishes gradually in a
linear trend. Varied weights on the edges signify distinct
levels  of  feature  extraction  for  neighbor  nodes.  Larger
weights  facilitate  greater  fault  feature  acquisition,  while
nodes  with  smaller  weights  exhibit  the  opposite  effect,
thereby reducing the impact of incorrect edge connections
and enhancing the robustness of the proposed AAKNNG
algorithm  to  a  certain  extent.  In  summary,  the  proposed
AAKNNG can be described in Eq. (12).
 

GA = {V,Ek,wi j}. (12)
 

3.2    Fault diagnosis based on dynamic-weighted MHGAT

A  dynamic-weighted  MHGAT  is  developed  with  the
input  of  AAKNNG  to  decrease  the  influence  of  noise
interference  on  the  input  graph.  This  network  comprises
two GALs.  The  first  GAL utilizes  larger  attention  heads
to  capture  global  information,  whereas  the  second  GAL
employs  smaller  attention  heads  to  focus  on  local  fault
features.  Each  GAL  integrates  features  extracted  from
various attention heads to enhance feature representation
capabilities. Subsequently, the node features are flattened
and  fed  into  a  fully  connected  layer  (FCL).  Finally,  the
fault labels are derived from the softmax classifier.
Despite  the  adjustment  of  redundant  edge  connections

on  the  input  graph  through  the  proposed  adaptive  edge
adjustment method, some inappropriate edge connections
are still  unavoidable.  Therefore,  we introduce a dynamic
weighting  strategy  to  mitigate  the  interference  of
improper  edges  on  feature  extraction  by  adjusting  edge
weights,  thereby  decreasing  the  impact  of  noise
interference on the input graph. Specifically, in the model
training  process,  the  edge  weights  would  be  adjusted  on
the basis of the output high-level features periodically. As
shown in Fig. 5, the detailed implementation steps are as
follows:

GA = {V,Ek,Wi j}(1)  With  the  initial  input  graph  ,  the
model  training  is  started  and  the  parameters  will  be
automatically  updated  using  the  backpropagation
algorithm.
(2) The fully connected output features FA are recorded

for every t1 epoch during the training process.
(3) Every t2 epoch, the collected sets of FA (the amount

is  t2/t1)  are  input  into  the  edge  construction  process  and
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recalculate  the  weights,  thereby  obtaining  t2/t1  updated
graphs.  The  calculations  are  conducted  using  Euclidean
distance to minimize the computational time required for
FA  similarity  calculation,  with  the  edge construction and
weight calculation methods aligned with those outlined in
Section 3.1.2. The updated weights can be presented as
 

W s
i = {wi1,wi2, . . . ,wiki

}, (13)
W s

iwhere   denotes the weight of the central node i in the
sth output features FA.
(4) The obtained t2/t1 updated graphs are fed back into

DWGAT,  and  the  best  one  is  chosen  according  to  the
validation  loss.  Then,  the  model  training  will  continue
until the maximum iterations t are reached.

Notably,  during  the  model  training  process,  we  only
adjust  the  edge  weights,  which  does  not  change  the
structure of the input graph. This approach also avoids the
frequent  graph  construction  process  and  saves  computa-
tion  time.  The  pseudocode  of  the  proposed  AAKNN-
DWGAT is presented in Algorithm 1. 

4    Case study

Two experiments are conducted to validate the effective-
ness  of  the  proposed  AAKNN-DWGAT,  using  the  axial
flow  pump  dataset  and  the  XJTUGearbox  dataset,
respectively.  All  algorithms  in  this  study  are  written  in
Python  3.7  and  run  with  PyTorch  2.0.1  on  an  Intel®
CoreTM i7-10875H processor with 16 GB of RAM. The
learning  rate,  batch  size,  and  training  epochs  are  set  to
0.005, 32, and 500, respectively. Additionally, the Adam
optimizer is utilized. 

4.1    Fault diagnosis on the axial flow pump
 

4.1.1    Data description

The  test  bench  for  the  axial  flow  pump  primarily
comprises  a  pump  body  (700ZLB-70),  an  electromotor
(750 r∙min−1/160 kW/380 V), a hydrophone (RHS-30), an
acquisition box,  and a  circulating pool  with  a  volume of
10000 m3,  as shown in Fig. 6. A hydrophone is installed
near  the  underwater  inlet  pipe  of  the  axial  flow  pump
collect useful signals, with the sampling frequency being

 

 
Fig. 5    Dynamic weight updating process.
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8192 Hz. To simulate real-world scenarios,  we manually
create  five  different  types  of  faults:  loose  base,  rotor
imbalance, rotor misalignment, blade cracks, and impeller
winding.  The  details  are  as  follows:  1)  The  loose  base
fault  is  constructed  by  intentionally  loosening  bolts.
2)  The  rotor  unbalance  faults  are  created  by  appending
unbalance blocks to the rotor. 3) The rotor misalignment
fault is induced by adjusting the deviation angle between
the centerlines of the two half couplings. 4) Blade cracks
are  introduced  through  the  utilization  of  wire-cutting
technology.  5)  The  impeller  winding  fault  develops
through  the  process  of  winding  foam  products.  As  a
result,  we  acquire  raw  signals  from  six  distinct
conditions, including the normal state and the previously
mentioned five fault types. These signals are all used for
the construction of the sample set. 

4.1.2    Construction of sample set and settings of model
hyperparameters

With a sample length of 1024, 1400 samples are obtained.
The amount ratio of the normal state and each fault state
is  2:1  to  simulate  the  situation  of  unbalanced  data.  All
samples  are  divided  randomly  into  three  parts:  the
training set, validation set, and testing set, with an amount

ratio of 4:1:5. Subsequently, the samples are transformed
into frequency-domain information through FFT, leading
to  the  calculation  of  the  similarity  matrix.  Then,  the
second-order difference is calculated. The results for two
of the samples are shown in Fig. 7.
Subsequently,  the  proposed  AAKNNG  and  DWGAT

are constructed on the basis  of  the steps of Section 3.  In
the DWGAT model, the parameters t1, t2, and t are set to
10, 100, and 500, respectively. The graph feature learning
hyperparameters of DWGAT are shown in Table 1. 

4.1.3    Fault diagnosis based on AAKNN-DWGAT

To  demonstrate  the  superiority  of  the  proposed  method
under  the  same  graph  structural  complexity,  we
conducted performance comparisons  between AAKNNG
and  KNNG  with  the  same  edge  amount.  With  adjusted
hyperparameters  of kmax  and k,  comparative  experiments
were  conducted  at  the  scale  of  approximately  12600,
14000,  15400,  16800,  and  18200  edges,  with
corresponding kmax values of 11, 12, 13, 14, and 15, and k
values  of  9,  10,  11,  12,  and  13,  respectively.  The
classification models were all the proposed DWGAT. The
time  consumed  involves  graph  construction,  model
training, validation, and testing.
Figure 8  compared  AAKNNG  and  KNNG  under

different  edge  numbers.  The  accuracy  for  AAKNNGs
averages 94.26%, 94.61%, 94.83%, 95.13%, and 95.42%,
respectively,  indicating  significant  improvements  in
diagnostic capabilities over KNNG. This improvement is
attributed  to  the  proposed  AAKNNG’s  optimization  of
graph  structure  and  reduction  of  redundant  edge
connections.  In  terms  of  time  consumption  for  graph
construction,  AAKNNG  requires  approximately  1.53  s,
whereas KNNG consumes 0.21 s only,  leading to higher
time consumption for the proposed AAKNN-DWGAT, as
illustrated  in  Fig. 8(b).  However,  the  time  difference  is
almost negligible as the time spent on graph construction
constitutes only a small part of the total time. Moreover,
with  an  increase  in  the  number  of  edge  connections,  the

 

 
Fig. 6    Test  platform of the axial  flow pump: a.  Electromotor;
b. Pump body; c. Acquisition box; d. Outlet pipe.

 

 
Fig. 7    Distribution of second-order difference for two of the samples: (a) ordered FSM curve and (b) 2nd-order difference curve.
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diagnosis accuracies for both graphs are all improved, but
the calculation time is  significantly increased.  To further
describe  the  differences  in  performance  between  these
two  graph  construction  methods,  Fig. 9  gives  the
confusion matrices for using AAKNNG and KNNG with
two amount settings of edge connections. 

4.1.4    Effect of the head numbers on the model

To investigate the impact  of  the number of  heads on the
proposed  DWGAT,  additional  experiments  were  carried
out.  For  GAL_1,  the  head  numbers  were  set  as
[8,10,16,32];  for  GAL_2,  the  head  numbers  were  set  as
[6,7,8,9,10].  The  number  of  edges  in  the  graph  is
estimated  to  be  approximately  11200. Figures 10 and 11
illustrate the outcomes of the supplementary experiments
with varied head configurations, revealing that the model
achieves  optimal  performance  when  GAL_1  is  set  to  16
and  GAL_2  to  8.  With  fewer  heads,  there  is  limited
fusion of  information across  different  scales,  whereas an
excessive  number  of  heads  results  in  an  overload  of
information  fusion,  leading  to  reduced  accuracy  and
prolonged  training  time.  Therefore,  we  opted  for  head
numbers 16 and 8 as the model’s hyperparameters. 

4.1.5    Comparison between two similarity calculation
methods

A simple experimental comparison was conducted in this
section to further validate the superiority of the proposed
DFW  over  Euclidean  distance.  The  similarity  of  node
edges  was  calculated  by  DFW  and  Euclidean  distance

respectively, with a total of 16800 edges. As illustrated in
Fig. 12,  the  edge  similarity  calculation  strategy
employing DFW demonstrates superior accuracy, reduced
loss,  and  accelerated  convergence  when  compared  with
the Euclidean distance method. This finding suggests that
the  application  of  DFW in  computing  frequency-domain
signals  more  effectively  captures  fault  features  and
reflects the improvement effect of the proposed method. 

4.1.6    Comparison with other graph construction methods

Some  state-of-the-art  (SOTA)  graph  construction
methods under varying signal-to-noise ratios (SNR) were
used  for  comparison  to  explore  the  noise  robustness  of
the  proposed  graph  construction  method.  The  definition
of  SNR is  provided  in  Eq.  (14).  Five  graph  construction
methods were used for comparison, namely, KNNG [28],
dynamic-weighted  graph  (DWG)  [36],  affinity  graph
(AG)  [37],  the  SuperGraph  [17],  and  the  proposed
AAKNNG.  They  all  employed  DWGAT  for  feature
learning  and  classification.  As  depicted  in  Fig. 13,  at
higher  SNRs  (e.g.,  5  and  10  dB),  the  accuracies  of
AAKNNG  and  KNNG  are  very  close,  while  the  other
three  methods  exhibit  lower  accuracy  compared  with
these  two  methods.  However,  as  the  SNR  decreases
further,  the  advantage  of  AAKNNG  becomes  more
pronounced,  clearly  surpassing  the  other  four  graph
construction  methods.  Thus,  the  noise  robustness  of  the
proposed AAKNNG is verified.
 

SNRdb = 10log10

Psignal

Pnoise
. (14)

 

4.1.7    Comparison with SOTA fault diagnosis methods

A simple  comparative  experiment  was  conducted  in  this
section to verify the improvement effect  of  the proposed
method  compared  to  other  SOTA  fault  diagnosis

  

Table 1    Model structure of DWGAT for the dataset
Component Layer Attention heads Input size Output size

Graph feature learning GAL_1 16 1400 × 1024 1400 × 256

GAL_2 8 1400 × 256 1400 × 64

FCL – 1400 × 64 1400 × 6

 

 
Fig. 8    Fault diagnostic results of two graph construction methods: (a) comparison of test accuracy; (b) comparison of consuming time.
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methods. The proposed method was compared with AG+
MRF-GCN  [37],  SuperGraph+GCN  [17],  KNNG+
MHGAT  [28],  and  FDKNN-DGAT  [31].  The  detailed

hyperparameter  settings  are  shown  in  Table 2,  and K  is
the size of Chebyshev filter in GCN. As illustrated in Fig.
14,  most  of  these  methods  related  to  GNN  demonstrate

 

 
Fig. 9    Confusion matrices under different numbers of edge constructions: (a) KNNG with 14000 edges; (b) KNNG with 18200 edges;
(c) AAKNNG with 14000 edges; (d) AAKNNG with 18200 edges.

 

 
Fig. 10    Diagnosis accuracy with different number of heads.

 

 
Fig. 11    Time consumption with different number of heads.
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high  accuracy.  In  comparison  with  other  fault  diagnosis
methods,  the  proposed  fault  diagnosis  method  achieves
the highest test accuracy of more than 95.0% and exhibits
a lower variance, reflecting its superiority. 

4.1.8    Comparison with other classical fault diagnosis
methods

Some  classical  deep  learning  methods  were  used  for
comparison  to  validate  the  superiority  of  the  proposed

AAKNN-DWGAT.  They  involved  one-dimensional
convolutional  neural  network (1DCNN) [38],  GCN [37],
multi-layer  perceptron  (MLP),  and  single-head  GAT
(SHGAT).  In  addition,  four  sample  sets  with  different
amount  ratios  of  faulty  samples  were  constructed  to
validate the diagnosis performance of these methods. The
detailed  settings  of  the  sample  sets  and  hyperparameters
of methods are shown in Tables 3 and 4, respectively.
The  comparison  result  from  Fig. 15  indicates  that,

across  different  sample  sets,  the  proposed  DWGAT
model  outperforms  other  deep  learning  models.
Additionally, the four GNN-related methods demonstrate
significant  advantages  over  the  other  two  methods.
Moreover,  compared  with  KNNG,  the  GNN-related
methods employing AAKNNG as input show better fault
diagnosis  results  for  imbalanced  data.  Notably,  as  the
imbalance  level  of  the  data  sets  increases,  the  decreased
rates  of  accuracy  for  GNN-related  methods  are
significantly slower than that of MLP and 1DCNN, which
also  reflects  the  advantages  of  GNNs  in  handling
imbalanced data. 

4.2    Fault diagnosis on the XJTUGearbox
 

4.2.1    Data description

The  experimental  setup,  as  shown  in  Fig. 16,  comprises

 

 
Fig. 12    Comparison of two similarity calculation methods (DFW and Euclidean distance).

 

 
Fig. 13    Comparison  of  graph  construction  methods  under
different noisy conditions.

 

Table 2    Hyperparameter settings of the different fault diagnosis methods
Method Parameter configuration

AG+MRF-GCN Input size: 1400 × 512, ε = 0.994, structure of GCN: 512-300-100, fully connected layer: 100-6, K = 3, 2, 1

SuperGraph+GCN Input size: 1400 × 33, structure of GCN: 33-30-20, fully connected layer: 20-6, K = 3, 3, 3

FDKNN-DGAT Input size: 1400 × 64, k = 10, structure of GAT: 64-32, attention heads: 4, 4, fully connected layer: 32-6

KNNG+MHGAT Input size: 1400 × 1024, k = 10, structure of GAT: 64-32, attention heads: 16, 8, fully connected layer: 32-6

AAKNN-DWGAT Input size: 1400 × 1024, kmax = 12, structure of GAT: 64-32, attention heads: 16, 8, fully connected layer: 32-6, t1, t2, t: 10, 100, 500
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components  such  as  a  drive  motor,  a  controller,  a
planetary  gearbox,  a  parallel  gearbox,  and  a  brake.  The
motor  is  a  three-phase  3  HP  motor,  powered  by  three-
phase AC (230 V, 60/50 Hz) [39].  It  operates at  a speed
of  1800  r/min,  with  a  sampling  frequency  of  20480  Hz.
To  collect  the  useful  fault  signals,  four  failure  modes  of
planetary  gears  and  four  failure  modes  of  bearings  are
intentionally constructed on the planetary reducer  during
the experiment. The bearing faults are pre-set on the first

stage  planetary  gear  of  the  planetary  reducer,  while  the
gear faults are pre-set on the second stage planetary gear
of  the  planetary  reducer.  The  gear  failures  include  tooth
surface  wear,  missing  teeth,  root  cracks,  and  tooth
broken.  Bearing  faults  include  ball  faults,  inner  race
faults,  outer  race  faults,  and  a  combination  of  the  three
types of bearing faults mentioned above. Therefore, nine
types  of  vibration  signals  are  collected,  including  the
normal  state  and  the  eight  types  of  faults  mentioned
above. The partial fault states are depicted in Fig. 17. 

4.2.2    Construction of sample set and fault recognition
results

The  XJTUGearbox  dataset  contains  a  total  of  450
samples,  with  50  samples  for  each  state.  They  were
divided  randomly  into  three  sets:  the  training  set,
validation  set,  and  testing  set,  with  an  amount  ratio  of
4:1:5.  Unlike  in  Section  4.1.2,  we  selected  different
sample  lengths,  with  sample  sizes  of  512,  1024,  and
2048,  respectively.  After  the  dataset  division,  the
proposed  AAKNN-DWGAT  was  constructed  and
compared  with  1DCNN,  MLP,  SHGAT,  GCN,  and
MHGAT.  The  hyperparameter  settings  of  the  different
methods are referred to in Table 4, and the output results
are shown in Table 5.
As shown in Table 5,  the  proposed AAKNN-DWGAT

consistently achieves the highest diagnosis accuracy with
different  signal  lengths,  with  an  average  accuracy
exceeding  85%,  94%,  and  99%,  respectively.

 

 
Fig. 14    Comparison under different fault diagnosis methods.

  

Table 3    Number of samples for four sample setsa)

Sample set
Training

Validation Test
Normal Fault

S0 160 80 × 5 140 700

S1 160 40 × 5 140 700

S2 160 20 × 5 140 700

S3 160 16 × 5 140 700

a): “80 × 5” denotes that there are 80 samples for each of the five fault states.

  

Table 4    Hyperparameter settings of the different fault diagnosis
methods
Method Parameter configuration

KNNG+DWGAT k = 10, t1, t2, t: 10, 100, 500, attention heads: 16, 8

1DCNN num_convolution_kernel = 3, pool_size = 2

MLP hidden_shape: 100-50

KNNG+SHGAT k = 10, attention heads = 1

KNNG+GCN k = 10, structure of GCN: 512-300-100

AAKNN-DWGAT kmax = 12, t1, t2, t: 10, 100, 500, attention heads: 16, 8
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Furthermore,  the  proposed  method  exhibits  lower
variance,  indicating the  stability  of  its  diagnostic  results.
Additionally, the time consumption of AAKNN-DWGAT
is  slightly  longer  than  that  of  the  other  method,  but  it  is
still  within  the  acceptable  range.  Table 5  demonstrates
that  an  improper  sample  length  of  512  significantly
diminishes  diagnosis  accuracy,  whereas  an  excessively
lengthy sample size of 2048 overly captures fault features
of  nodes,  making  it  difficult  to  reveal  the  superiority  of
different  fault  diagnosis  methods.  Compared  with
traditional  1DCNN  and  MLP,  GNN-related  methods
achieve  better  diagnosis  performance,  especially  for  the
proposed  AAKNN-DWGAT.  As  a  result,  the

 

 
Fig. 15    Classification accuracy under different training samples.

 

 
Fig. 16    Test  rig  of  XJTUGearbox  dataset.  1:  motor;  2:
controller; 3: planetary gearbox; 4: parallel gearbox; 5: brake; 6:
accelerometer in X-direction; 7: accelerometer in Y-direction.

 

 
Fig. 17    Fault  states  of  gears  and  bearings:  (a)  tooth  surface  wear,  (b)  missing  teeth,  (c)  root  cracks,  (d)  tooth  broken,  (e)  ball  faults,
(f) inner race faults, and (g) outer race faults.
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effectiveness  and  superiority  of  the  proposed  AAKNN-
DWGAT are verified. 

5    Conclusions

This  study  proposes  AAKNN-DWGAT  for  rotating
machinery  fault  diagnosis.  First,  a  DFW  method  is
proposed  for  the  assessment  of  node  similarity,
incorporating  a  second-order  difference  strategy  to
identify  the  inflection  points  of  similarity  distribution,
thus  establishing  a  weighted  topological  graph  structure
with  adaptive  edge  adjustment.  Second,  a  DWGAT
model  is  constructed  to  adjust  the  edge  weights  on  the
basis  of  the  output  high-level  features,  thereby  reducing
the impact of incorrect  edge connections to some extent.
Finally,  the  effectiveness  of  the  proposed  method  is
validated by utilizing the axial flow pump dataset and the
XJTUGearbox  dataset.  In  comparison  with  other
conventional  and  SOTA  deep  learning  methods,  the
proposed method demonstrates superior fault  recognition
and noise robustness.
However,  during  the  process  of  constructing  the

AAKNNG,  the  issue  of  edge  connection  adaptive
adjustment unavoidably increases the computational time
while improving the diagnosis accuracy. Such adjustment
may  introduce  extra  problems  in  some  real-time  fault
diagnosis  scenarios  and  should  be  further  optimized  in
future research. 

Nomenclature

Abbreviations

AAKNNG Adaptive adjustment k-nearest neighbor graph

AAKNN-DWGAT Adaptive  adjustment  k-nearest  neighbor  graph-driven

dynamic-weighted graph attention network

AG Affinity graph

ANN Artificial neural networks

DFW Dynamic frequency warping
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FCL Fully connected layer

FFT Fast Fourier transformation
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GAL Graph attention layer

GAT Graph attention network

GCN Graph convolutional network

GNN Graph neural network

IFD Intelligent fault diagnosis
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MLP Multi-layer perceptron

MHGAT Multi-head graph attention network

SHGAT Single-head graph attention network

SNR Signal-to-noise ratios

SOTA State-of-the-art

1DCNN One-dimensional convolutional neural network
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