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   Abstract—In  this  paper,  a  new  bolt  fault  diagnosis  method  is
developed  to  solve  the  fault  diagnosis  problem  of  wind  turbine
flange  bolts  using  one-dimensional  depthwise  separable
convolutions.  The  main  idea  is  to  use  a  one-dimensional
convolutional  neural  network  model  to  classify  and  identify  the
acoustic  vibration  signals  of  bolts,  which  represent  different  bolt
damage  states.  Through  the  methods  of  knock  test  and  modal
simulation, it is concluded that the damage state of wind turbine
flange  bolt  is  related  to  the  natural  frequency  distribution  of
acoustic  vibration  signal.  It  is  found  that  the  bolt  damage  state
affects  the  modal  shape  of  the  structure,  and  then  affects  the
natural  frequency  distribution  of  the  bolt  vibration  signal.
Therefore,  the  damage  state  can  be  obtained  by  identifying  the
natural  frequency  distribution  of  the  bolt  acoustic  vibration
signal.  In  the  present  one-dimensional  depth-detachable
convolutional  neural  network  model,  the  one-dimensional  vector
is first convolved into multiple channels, and then each channel is
separately  learned  by  depth-detachable  convolution,  which  can
effectively  improve  the  feature  quality  and  the  effect  of  data
classification.  From the perspective of  the realization mechanism
of  convolution  operation,  the  depthwise  separable  convolution
operation  has  fewer  parameters  and  faster  computing  speed,
making it  easier to build lightweight models  and deploy them to
mobile devices.
    Index Terms—Wind  turbine  flange  bolts, one-dimensional
convolutional  neural  network  (1DCNN)  model, depthwise  separable
convolutions, damage identification
  

I.  Introduction

In the past few years, clean energy technology is developing
rapidly. Clean energy plays an important role in protecting the

environment,  which  is  widely  accepted  by  countries  around
the world. As a typical kind of clean energy, wind power is a
new force in the development of new energy [1, 2]. With the
increase  of  wind  turbine  installation,  metal  supervision  and
detection  technology  of  key  components  of  wind  turbine
cannot be ignored. The operating environment of wind turbine
has  variable  wind  load  and  large  temperature  difference
between day and night [3, 4]. The flange bolts of wind turbine
are  prone  to  fatigue  crack [5].  Once  the  wind  turbine  flange
bolts reach a certain degree of damage, it is easy to cause the
risk  of  wind  turbine  tower  collapse,  which  may  lead  to
significant economic loss and social impact. Therefore, timely
detection of wind turbine flange bolt damage state is of great
significance to ensure the safe operation of  the unit.  Because
of the characteristics of wind turbines, it is inconvenient to use
complex  testing  equipment,  and  thus  it  is  quite  necessary  to
perform rapid,  accurate,  and  reliable  detection  on  the  bolt  of
wind turbine flange.

Deep  learning  model  is  widely  used  in  the  field  of  fault
diagnosis,  but  there  are  few  studies  on  the  identification  of
damage  state  of  wind  turbine  flange  bolts.  In  particular,  the
deep learning classification based on bolt tapping sound signal
is less common. Using knock signal is mainly to consider the
rapidity  of  bolt  damage  state  detection.  The  echo  signal  is
generated  by  hammering  the  bolt  at  the  maintenance  site  of
wind turbine. The acoustical signal contains the characteristics
of bolt  damage state.  Then the damage state is  classified and
identified  by  deep  learning  method.  A  damage  identification
method for wind turbine flange bolts based on deep learning is
proposed. Our contributions in this paper include:

(1)  The  echo  signal  characteristics  of  wind  turbine  flange
bolt percussion are analyzed, and the relationship between the
signal characteristics and bolt damage state is analyzed by the
empirical mode decomposition (EMD) method.

(2)  In  order  to  improve  the  efficiency  of  the  deep  learning
algorithm,  one-dimensional  convolutional  neural  network
(1DCNN) [6–9] adaptively  learns  the  characteristic
information  of  the  damage  state  from  the  one-dimensional
spectrum  signal,  and  then  performs  classification  and
recognition.

(3)  On  the  basis  of  1DCNN,  the  depth  separable
convolution is adopted to further reduce the number of model
parameters  and  the  amount  of  computation,  so  as  to  build  a
more portable classification model, which provides a basis for
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the subsequent deployment of classification model on mobile
devices.  

II.  Signal Analysis

In  this  section,  the  relationship  between  bolt  damage  state
and vibration sound signal is explored by bolt knock test and
modal  simulation  test.  The  bolt  knock  test  is  carried  out  by
using real wind power flange bolts, and the simulation test is
based on real wind power flange bolts for modeling and modal
calculation.

0.5 1.0

Wind  turbine  flange  bolts  and  percussion  acquisition
equipment are shown in Fig. 1. Sound signals are generated by
striking  bolts  with  a  force  hammer  and  picked  up  by  a
directional  microphone.  The  audio  length  is –  s  and
contains one tap echo signal.
 
 

 
Figure 1 Test equipment.
 

30 × 200
We prepare seven types of bolts with the same specification

as  M  mm,  where  the  bolts  contain  grooves  with
depths  of  0.0,  1.0,  1.5,  2.0,  5.0,  10.0,  and  15.0  mm,
respectively. The width of grooves is the same as 0.5 mm. The
bolts with grooves are shown in Fig. 2. According to the fast
Fourier  transform (FFT) of bolt  sound signal,  it  is  found that
the  frequency  spectra  of  bolt  audio  signals  with  different
grooves are different.
 
 

0.0 mm 1.0 mm 1.5 mm 2.0 mm 5.0 mm 10.0 mm 15.0 mm
 
Figure 2 Seven kinds of test blocks for wind power flange bolts.
   

III.  1dcnn Classification Method

According to the relationship between bolt knocking signal
and  bolt  damage  state,  in  this  section  a  lightweight  1DCNN
model to classify and identify bolt state will be designed. The
frequency  value  of  bolt  vibration  signal  is  taken  as  the  one-
dimensional  input  of  the  model,  and  the  damage  state  of
various bolts is taken as the output of the model. In addition,
this  paper  refers  to  the  characteristics  of  Google  lightweight
model MobileNet, and changes the standard convolution layer

into depth-level separable convolution,  which further reduces
the computation of the model.  

A.  Input Data
The original audio signal is transformed by FFT to obtain a

one-dimensional  frequency  array.  The  index  of  the  array  is
aligned with the real frequency value through data processing
operations.  Thus,  the  index  of  the  one-dimensional  vector
represents  the  signal  frequency,  and  the  value  of  the  vector
represents  the  amplitude  of  the  signal  frequency.  The  one-
dimensional  vector  contains  the  characteristic  information  of
the  entire  spectrum.  Compared  with  two-dimensional  matrix,
one-dimensional  vector  input  can  greatly  reduce  the  number
of  model  parameters  and  calculation.  Then,  seven  types  of
bolt samples are knocked to collect echo signals. On average,
each  type  of  data  sample  contains  1000  tapping  sounds.  A
single tap sound signal is input as a model sample. The sample
size of  model  training set  and test  set  is  divided as  shown in
Table 1.
  

Table 1 1DCNN model dataset.
Depth of slotted

bolt (mm)
Total sample
size (piece)

Training sample
size (piece)

Testing sample
size (piece)

0.0 1000 800 200

1.0 1000 800 200

1.5 1000 800 200

2.0 1000 800 200

5.0 1000 800 200

10.0 1000 800 200

15.0 1000 800 200

   

B.  1DCNN Model
Convolutional  neural  network  (CNN) [10] refers  to  that  at

least  one  layer  of  the  network  uses  convolutional  operations.
Convolutional  operation  is  a  special  linear  operation.  Each
layer of convolutional network usually includes convolutional
layer,  activation  layer,  and  pooling  layer.  The  input  of  one-
dimensional convolutional neural network is one-dimensional
data.  The  output  layer,  activation  layer,  and  pooling  layer  of
each  convolution  also  correspond  to  one-dimensional  feature
vectors.  The  convolution  kernel  also  adopts  one-dimensional
structure. This section will design such a 1DCNN model.

The  main  function  of  convolution  layer  is  to  extract  local
features.  The  corresponding  feature  map  is  obtained  by
convolution  operation  between  convolution  kernel  and  one-
dimensional  vector.  The  convolution  kernel  is  like  a  filter.
After the original input is filtered by multi-layer filter,  useful
features  are  enhanced  and  noise  interference  is  reduced.  The
principle of convolution is shown as
 

xl
k =

n∑
i=1

conv(wl−1
i,k , s

l−1
i )+bg

k (1)

xl
k l

sl−1
i l−1

l = 1,2, . . . wl−1
i,k

where  represents  the  output  of  the k-th  neuron  in  layer 
and  represents the output of the i-th neuron in layer .

 is  the  number  of  the  layers  of  the  network. 
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l−1 l n
l−1 conv(·)

bg
k

represents  the  convolution  kernel  of  the i-th  neuron  in  layer
 and the k-th neuron in layer , and  indicates the number

of  neurons  in  layer .  represents  the  convolution
operation.  represents the hyperparameter of the k-th neuron
in layer g.

By  setting  the  number  of  channels  in  the  convolutional
layer, the input signal can be raised or lowered to improve the
ability  of  feature  representation.  The  hyperparameters  of
1DCNN model are shown in Table 2.
  

Table 2 1DCNN model hyperparameters.
Number of layer Structure type Hyperparameter

1 Convolutional layer 1 Kernel size is 64, filters are 16

2 Activation layer 1 Rectified linear unit

3 Pooling layer 1 Max-pooling

4 Convolutional layer 2 Kernel size is 3, filters are 32

5 BatchNorm layer 1 Batch normalization

6 Activation layer 2 Rectified linear unit

7 Pooling layer 2 Max-pooling

8 Dropout layer 1 Discard rate is 0.5

9 Convolutional layer 3 Kernel size is 7, filters are 32

10 BatchNorm layer 2 Batch normalization

11 Activation layer 3 Rectified linear unit

12 Pooling layer 3 Max-pooling

13 Dropout layer 2 Discard rate is 0.5

14 Convolutional layer 4 Kernel size is 7, filters are 16

15 BatchNorm layer 3 Batch normalization

16 Activation layer 4 Rectified linear unit

17 Pooling layer 4 Max-pooling

18 Dropout layer 3 Discard rate is 0.3

19 Flatten layer 1 —

20 Fully connected layer 1 Number of neurons is 32

21 Activation layer 5 Rectified linear unit

22 Fully connected layer 2 Number of neurons is 7

23 Activation layer 6 Softmax

   

C.  1DCNN-Depthwise Separable Convolution
In  order  to  reduce  the  number  of  parameters  and

computation,  a  new  CNN  structure  is  developed,  where  the
standard convolution layer is replaced by the depth separable
convolution  layer.  Depthwise  separable  convolution  is  a
convolution  operation  proposed  in  Xception  framework [11].
When  the  number  of  the  available  data  is  small,  depthwise
separable  convolution  separately  convolves  the  features  of
each  channel  to  improve  the  data  utilization  efficiency.  The
design  requires  fewer  computations  to  be  performed  and
results  in  smaller  models [12].  Except  for  replacing  the
convolution  layer  in  the  original  1DCNN  model,  the  other
layers are not changed. The structure of the improved 1DCNN
model is shown in Fig. 3, and the hyperparameters are shown
in Table 3.  

IV.  Case Study

The  1DCNN  model  and  the  improved  1DCNN  model  are
built according to the real bolt acoustic signal dataset, and the
numbers  of  parameters  of  the  two  models  are  compared.  In
addition,  the  evaluation  indices  of  the  two  models  are  also
defined.  

A.  Data Illustration
The percussive sound signal  of  each type of bolt  sample is

processed by FFT. The converted one-dimensional frequency
vector  is  used  as  the  model  input.  There  are  seven  types  of
bolt samples with groove depths of 0.0, 1.0, 1.5, 2.0, 5.0, 10.0,
and  15.0  mm,  respectively.  Each  class  contains 1000 input

 

1 
× 

64
 c

on
vo

lu
tio

n 
la

ye
r 1

6
Po

ol
1 

× 
3 

co
nv

ol
ut

io
n 

la
ye

r 3
2

B
at

ch
 n

or
m

al
iz

at
io

n
Po

ol
1 

× 
7 

co
nv

ol
ut

io
n 

la
ye

r 3
2

B
at

ch
 n

or
m

al
iz

at
io

n
Po

ol
1 

× 
7 

co
nv

ol
ut

io
n 

la
ye

r 1
6

B
at

ch
 n

or
m

al
iz

at
io

n
Po

ol
Fl

at
te

n
Fu

lly
 c

on
ne

ct
ed

 la
ye

r 3
2

Fu
lly

 c
on

ne
ct

ed
 la

ye
r 7

So
ftm

ax

Conv2Conv1Input Conv3 Conv4 FC1FC2
 
Figure 3 Structure  of  improved  1DCNN  model.  The  convolution  layer  is
abbreviated as Conv and fully connected layer is abbreviated as FC.

 

Table 3 1DCNN-depthwise separable convolution
model hyperparameters.

Number of
layer Structure type Hyperparameter

1 Convolutional layer 1 Kernel size is 64, filters are 16

2 Activation layer 1 Rectified linear unit

3 Pooling layer 1 Max-pooling

4 Depthwise convolutional layer 1 Kernel size is 3, filters are 16

5 BatchNorm layer 1 Batch normalization

6 Activation layer 2 Rectified linear unit

7 Pooling layer 2 Max-pooling

8 Dropout layer 1 Discard rate is 0.5

9 Pointwise convolutional layer 1 Kernel size is 1, filters are 32

10 BatchNorm layer 2 Batch normalization

11 Activation layer 3 Rectified linear unit

12 Pooling layer 3 Max-pooling

13 Dropout layer 2 Discard rate is 0.5

14 Convolutional layer 2 Kernel size is 7, filters are 16

15 BatchNorm layer 3 Batch normalization

16 Activation layer 4 Rectified linear unit

17 Pooling layer 4 Max-pooling

18 Dropout layer 3 Discard rate is 0.3

19 Flatten layer 1 —

20 Fully connected layer 1 Number of neurons is 32

21 Activation layer 5 Rectified linear unit

22 Fully connected layer 2 Number of neurons is 7

23 Activation layer 6 Softmax
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samples, including 800 as training sets and 200 as verification
sets. In addition, additional percussion audio signals of defect
bolt  samples  are  added  to  verify  the  predictive  ability  of  the
model.  The additional  audio samples are obtained from three
categories  of  bolts  with  defects  of  3,  5,  and  10  mm,
respectively. Each category contains 100 sound samples.

Since  the  frequency  related  to  the  bolt  damage  state  is
mainly concentrated in the low frequency part, the data of the
one-dimensional  frequency  vector  from  0  to 9000 Hz  are
intercepted.  In  addition,  each  input  vector  is  normalized  to
avoid  the  influence  of  large  value  data.  The  normalization
processing is shown as
 

y =
X−Xmin

Xmax−Xmin
(2)

y
Xmax and Xmin

where  is  the  result  of  normalization  processing, X is  the
input  signal,  and  are  the  maximum  and
minimum values of the input signal, respectively.  

B.  1DCNN Model Parameter Setting
The  structure  of  1DCNN  model  for  bolt  damage

classification and recognition proposed in this paper is shown
in Table  3.  The  model  first  raises  the  dimension  of  one-
dimensional frequency vector by convolution operation. Then
feature  extraction  is  completed  through  three-layer
convolution, activation, and pooling. Finally, the classification
is  completed  by  a  two-layer  fully  connected  neural  network.
The original input of the neural network is normalized as one-
dimensional  frequency  vector,  which  is  expressed  as  (7000,
9000),  where 7000 is  the  total  number  of  sound  samples  of
seven types of bolt samples and 9000 is the length of the one-
dimensional  frequency  vector.  The  output  of  the  model  has
seven types of  one-hot  encoding,  representing seven types of
bolt samples respectively. The total parameter quantity of the
1DCNN  model  is 302,247,  among  which  the  number  of
trainable parameters is 302,087.  

C.  Improved Model Parameter Setting

1×1

In  the  improved  model,  the  total  parameter  quantity  is
294,151,  among which the number of  trainable  parameters  is
294,087.  Compared  with  the  previous  model,  the  number  of
parameters  is  reduced  by  8096.  In  addition,  since  the
convolution  operation  is  generally  implemented  through
image  to  column  (IM2COL),  memory  reorganization  is
required [13].  When  the  convolution  kernel  is ,  there  is
no need for this operation, and the calculation can be achieved
faster. Thus, the pointwise convolution layer can improve the
computational speed.  

D.  Loss Function

F(x) Y

L(Y,F(x))

Loss function is used to estimate the degree of inconsistency
between the predicted value  and the real value  of the
model.  It  is  a  non-negative real  value function and is  usually
represented by . The smaller the loss function is, the
better the robustness of model will be. The cross entropy loss
function is used in this paper. It is a loss function often used in
classification  problems.  The  calculation  principle  of  cross
entropy loss function L is shown as

 

L = −
K∑

m=1

ymlog2(pm) (3)

K ym ym = 1
1 ym = 0 pm

m

where  is the number of species and  is the label, 
if  the  category  is ,  while  for  other  cases.  Let  be
the  output  of  the  neural  network,  which  is  the  probability  of
category .  This  output  value  is  calculated  using  softmax
mentioned.  

E.  Evaluation Standard
Common  evaluation  indices  of  convolutional  neural

networks include precision (P), recall (R), accuracy (Acc), and
F1  score  (F1).  The  overall  performance  of  the  model  is
measured by accuracy and F1. The higher the indices are, the
better the classification and recognition abilities of the model
are [14]. Precision is the proportion of samples that the system
determines to be “true” that are actually true. Recall refers to
the proportion of truly true samples deemed to be “true”. The
calculation  equations  of  the  four  evaluation  indicators  are
shown as
 

P =
TP

TP+FP
(4)

 

R =
TP

TP+FN
(5)

 

Acc =
TP+TN

TP+FP+FN+TN
(6)

 

F1 =
1

1
P
+

1
R

=
2×P×R

P+R
(7)

TP
TN

FP

FN

where  is  the  number  of  positive  samples  predicted  to  be
positive by the model, and  is the negative sample number
predicted by the model to be negative. Let  be the number
of negative samples predicted to be positive by the model, and

 is the number of positive samples predicted to be negative
by the model. According to the maintenance characteristics of
wind  turbine  flange  bolts,  the  detection  and  identification
should avoid missing bolts with defects. This paper pays more
attention to recall evaluation index.  

V.  Result and Analysis

In  this  section,  the  two  models  are  tested  with  different
optimizers  on  the  real  bolt  acoustic  signal  dataset,  and  the
identification  effects  of  each  model  on  bolt  damage  state  are
compared.

After  the  model  structure  is  determined,  the  optimization
algorithm plays an important role in parameter updating. The
goal  of  deep  learning  is  to  constantly  change  network
parameters  so  that  the  parameters  can  perform  various
nonlinear transformations on the input to fit the output, which
is  essentially  a  function  to  find  the  optimal  solution.  The
function of the optimizer is to update the parameters with the
optimization  algorithm  so  that  the  function  can  find  the
optimal  solution.  At  present,  the  commonly  used  optimizers
are  stochastic  gradient  descent  (SGD),  Adam,  Adagrad,
Adadelta,  RMSprop,  and  so  on.  This  study  will  compare
different optimizers to find the best one. Different optimizers
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are  used to  train  the  model,  and the test  results  are  shown in
Table 4.

Acc P R F1
F1

In Table 4, , , , and  represent accuracy, precision,
recall,  and  score  of  the  test  set,  respectively.  In Table  4,
the model trained by SGD or RMSprop has the highest recall
rate, while that trained by Adadelta has the lowest recall rate.
Here,  the  RMSprop  optimizer  is  used  to  train  the  proposed
classification  model  of  flange  bolt  damage  state  of  wind
turbine,  and  the  results  are  more  accurate  and  effective.  The
accuracy-loss  curves  of  the  two models  trained  by  RMSprop
optimizer are shown in Fig. 4.
  

Table 4 Comparison result of different optimizers.

Model Optimizer Acc (%) P (%) R (%) F1 (%)
Arithmetic

speed
(ms/sample)

1DCNN

SGD 99.50 99.50 99.50 99.50 20
Adam 99.64 99.72 99.64 99.68 20

RMSprop 99.72 99.72 99.72 99.72 20
Adadelta 96.14 96.14 96.14 99.50 21
Adagrad 99.93 99.93 99.93 99.93 20

Improved
1DCNN

SGD 99.71 99.72 99.72 99.72 12
Adam 99.64 99.64 99.57 99.61 12

RMSprop 99.71 99.72 99.72 99.72 12
Adadelta 92.43 99.40 49.22 64.87 12
Adagrad 99.29 99.36 99.08 99.21 14

 
  

1.0

0.8

0.6

0.4

0.2

0
0 5 10

(a) 1DCNN model

15 20 25 30

Training set accuracy
Validation set accuracy
Training set loss
Validation set loss

Training set accuracy
Validation set accuracy
Training set loss
Validation set loss

1.0

0.8

0.6

0.4

0.2

0
0 5 10

(b) Improved 1DCNN model

15 20 25 30
Number of training rounds (epoch)

Number of training rounds (epoch)

A
cc

ur
ac

y-
lo

ss
A

cc
ur

ac
y-

lo
ss

 
Figure 4 Accuracy-loss curve by RMSprop.
 

The abscissa of the Fig. 4 represents the number of training
rounds, and the ordinate represents the values of accuracy and
loss.  

VI.  Conclusion

Studies  have  found  that  bolt  damage  state  is  related  to  the

natural  frequency  of  vibration  sound.  Therefore,  a  one-
dimensional  convolutional  neural  network model  is  proposed
based  on  the  relationship  between  bolt  audio  signal  and
damage  state,  whose  input  is  a  one-dimensional  frequency
vector.  The  designed  model  has  four  convolution  layers  and
the output is seven kinds of bolt damage states. It is found that
the highest recall rate of 1DCNN model on the test set reaches
99.93%,  which  meets  the  demand  of  industrial  testing.  In
addition,  the  1DCNN  model  is  improved  by  replacing  the
standard  convolution  layer  with  the  depthwise  separable
convolution  layer.  The  recall  rates  of  the  two  models  are
similar, but the training speed of the improved model is twice
that  of  the  original  model.  The  1DCNN  model  of  depthwise
sparable convolution is more likely to be deployed later on to
mobile devices.  
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