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Abstract:

A spindle fault diagnosis method based on CNN-SVM optimized by particle swarm algorithm (PSO) is proposed to address the
problems of high failure rate of electric spindles of high precision CNC machine tools, while manual fault diagnosis is a tedious task
and low efficiency. The model uses a convolutional neural network (CNN) model as a deep feature miner and a support vector machine
(SVM) as a fault state classifier. Taking the electric spindle of a five-axis machining centre as the experimental research object, the
model classifies and predicts four labelled states: normal state of the electric spindle, loose state of the rotating shaft and coupling,
eccentric state of the motor air gap and damaged state of the bearing and rolling body, while introducing a particle swarm algorithm
(PSO) is introduced to optimize the hyperparameters in the model to improve the prediction effect. The results show that the proposed
hybrid PSO-CNN-SVM model is able to monitor and diagnose the electric spindle failure of a 5-axis machining centre with an
accuracy of 99.33%. In comparison with the BP model, SVM model, CNN model and CNN-SVM maodel, the accuracy of the model
increased by 10%, 6%, 4% and 2% respectively, which shows that the fault diagnosis model proposed in the paper can monitor the
operation status of the electric spindle more effectively and diagnose the type of electric spindle fault, so as to improve the
maintenance strategy.
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models are used to monitor and mine the vibration signals
of each fault in the spindle and to construct a non-linear
correlation with the actual fault. In the early days, a large
number of scholars used machine learning methods to
build prediction models for intelligent maintenance of
motorized spindle, such as BP neural networks [ RBF

1 Introduction

Five-axis machining centre is a high technology,
high efficiency, low energy consumption in one of the
high-precision machine tools, widely used in the complex
space surface processing, its core key components failure  neural networks®, Support vector machines (SVM)™ etc.
of intelligent identification to enhance the overall level of Li Zhaolong @ et al. collected temperature and axial
equipment maintenance techno'ogy is Of great thermal drift data of electric Spindles at different
significance. The electric spindle is directly driven by an ~ rotational speeds, used fuzzy clustering and grey
electric motor instead of a pulley drive and gear drive, correlation analysis for feature extraction, and constructed
which can achieve high-speed and steady-state operation =~ @ BAS-BP model to predict and compensate for the
of the machine tool spindle, and is a key functional thermal errors of electric spindles, achieving better results.
component of the five-axis machining centre, whose ~ Shan Wentao ©! et al. proposed a block adaptive
working condition directly affects the spindle rotation ~ backstepping control method based on global RBF neural
accuracy and product processing quality!™. It is a key network. The backstepping control law and parameter
functional component of a five-axis machining centre. ~update law were derived using Lyapunov theory to ensure
Therefore, effective monitoring and accurate diagnosis of ~ the stability of the whole spindle system. C.K.

spindle faults is essential. Monitoring means timely
warning when a spindle fault occurs, and diagnosis means
intelligent identification of the type of fault for accurate
maintenance at a later stage. Fault detection and diagnosis

Madhusudana ™ et al. collected vibration signals in the
feed direction of the spindle in the healthy and faulty
states of the milling cutter and used SVM models with
different kernel functions to investigate and classify
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selected features based on the discrete wavelet transform,
and the results showed that spindle faults could be
effectively diagnosed using this C- SVC model. Although
the above-mentioned scholars have made some
achievements using mechanical learning algorithms, the
slow model fitting speed and low prediction accuracy
have become urgent problems at this stage.

With the application of sensor technology and the
rise of deep learning algorithms, has become a new trend
to use piezoelectric acceleration sensors to acquire
electric spindle vibration signals and construct fault
diagnosis models for monitoring by deep learning
algorithms, such as recurrent neural networks (RNN)
long and short term memory networks (LSTM) © and
Convolutional Neural Networks (CNN) [ etc. These
predictive models have more powerful feature learning
and mapping capabilities and can automatically mine
deeper features for prediction without a priori knowledge
or the help of human experts. However, recurrent neural
networks (RNN) are prone to gradient disappearance or
gradient explosion when diagnosing spindle faults, and
researchers have used Long and Short Term Memory
Networks (LSTM) to predict spindle faults [,
Convolutional neural networks (CNNs) have been used
for spindle fault monitoring and diagnosis in recent years
because their convolution and pooling operations can
improve the extraction of potential features in the hidden
layer of the prediction model compared to LSTMs.

Wen Long™ et al. proposed a CNN convolutional
neural network for electric spindle bearing fault diagnosis,
which can effectively perform fault monitoring, but there
is still room to improve the accuracy of diagnosing
specific fault types. This is due to the fact that when using
a CNN diagnostic model to deal with functions with a
high degree of non-linearity, the number of features
output by the fully connected layer increases
proportionally, reducing the generalisation capability of
the model, which is not conducive to fault diagnosis of
electric spindles. Support vector machines (SVMs), on
the other hand, have an absolute advantage in dealing
with non-linear data by using some kernel function to
transform the input sample data from a low-dimensional
space into a high-dimensional space, so that the originally
non-linear data becomes linearly separable in the
high-dimensional space™ It uses a kernel function to
transform the input sample data from a low-dimensional
space to a high-dimensional space, so that the originally
non-linear data becomes linearly separable in the
high-dimensional space. Therefore, the combination of
SVM and CNN can make up for the shortcomings of the
above CNN model. The essence is that CNN is used as a
feature learner to explore the deep features of the input data,
and SVM is used as a trainer to construct the optimal
classification hyperplane for fault classification prediction.

CNN-SVM is a multi-category diagnostic model
proposed by combining convolutional neural network
(CNN) and support vector machine (SVM) methods. Its
model performance depends on the selection of model
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parameters, which include penalty parameters p and
kernel function width g, etc., and it is crucial to select the
optimal parameter pairing to further improve the model
performance. The current more common hyperparameter
optimisation methods are random optimisation search ™ |
gradient-based  optimisation®?,  genetic  algorithm
optimisation™, Particle swarm optimization®“et al. The
PSO algorithm can perform global optimization with
fewer parameters, and its powerful search performance
and individual optimization capability can accelerate the
convergence speed of the model, so it has been widely
used and studied by scholars in recent years ™ This is
why it has been widely studied in recent years.

In this paper, a hybrid CNN-SVM model based on
particle swarm algorithm (PSQO) optimisation is proposed.
Firstly, the fully connected layer of the CNN model is
replaced by a global average pooling layer to reduce the
dimensionality of the output features and improve the
generalisation capability of the model; secondly, the
Softmax function of the CNN model is replaced by a
support vector machine SVM classifier to complete the
fault diagnosis of the electric spindle; finally, the
hyperparameters in the SVM model are optimised using
the PSO algorithm to derive the optimal solution to
further improve the Finally, the PSO algorithm is used to
optimise the hyperparameters in the SVM model and
derive the optimal solution to further improve the fault
diagnosis accuracy of electric spindles.

2 Construction of a CNN-SVM-PSO fault
diagnosis method

To address the shortcomings of the CNN diagnosis
model, this paper proposes a fault diagnosis model based
on a CNN-SVM optimised by a particle swarm algorithm
to identify the types of faults in the electric spindle system
of a 5-axis machining centre. The improvements are:

(1) The sample feature matrix is pre-processed using
batch normalisation techniques and then input into the CNN
model, which reduces the complexity of the model and
improves the convergence speed of the network with its
unique structure of local connectivity and weight sharing.

(2) The fully connected layer of the CNN model is
replaced by a global average pooling layer, and the
features output after the convolution and pooling
operations are reduced in dimensionality, which reduces
the model parameters and lowers the training time of the
SVM model.

(3) The SVM model is suitable for classification
tasks dealing with problems with high non-linearity and
makes up for the shortcomings of the CNN model, so the
SVM model is used instead of the Softmax classifier in
the CNN to classify and predict the electric spindle fault
types, thus improving the model generalisation capability.

(4) Using the powerful search and global
optimization-seeking capabilities of the PSO algorithm,
the penalty parameter in the SVM modelp and the two
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parameters of kernel function width g are iteratively
optimized to improve the accuracy of electric spindle
fault diagnosis. The CNN-SVM-PSO fault diagnosis
model is shown in Figure 1.
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Figure1 CNN-SVM-PSO fault diagnosis model
2.1 Acquisition of electric spindle vibration signals

During the operation of a five-axis machining centre,
the electric spindle system will generate violent vibrations
when problems occur in the core components such as the
rotating shaft, motor and bearings, which are manifested
by the loose and unbalanced phenomenon of the rotating
shaft and coupling, the eccentric phenomenon of the air
gap of the motor, as well as the damage failure of the
bearings and rolling bodies. By monitoring the vibration
of the machine tool spindle system when the above core
components are abnormal, it is found that the frequency
range of the vibration signals of various faults are slightly
different, as shown in Table 1, so the spindle fault can be
diagnosed by extracting the features of each fault
vibration signal and finding the correlation between the
sample features and the actual fault™®The sample
features can then be correlated with the actual fault to
diagnose the spindle fault.

Table 1 Frequency range of core component failures

Electric spindles

Frequency range  Type of vibration

Type of fault
5 times
Unbalanced and loose . . Low frequency
: i Within working I
rotating shafts and couplings vibration
frequency
Motor air gap eccentricity 2x Power Medium Frequency
failure frequency Vibration
Bearings and rolling elements High frequenc

gs and rofiing >1KHz gh frequency

Injuries vibration

The vibration information generated by the electric
spindle system of the five-axis machining centre due to
the above faults will be reflected in different ways, such
as irregular fluctuations of the spindle motor current, the
vibration of the outer casing of the spindle and the noise
generated by the electric spindle system. The experiment
is to use the 356A15 three-axis vibration acceleration
sensor manufactured by PCB to monitor and collect the
vibration signal generated by the outer casing of the
spindle in real time under the high-speed rotating state of
the electric spindle, the Measuring system models is
shown in Figure 2, the Experimental equipment model
parameters is shown in Table 2.
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Figure 2 Measuring system models

Table 2 Experimental equipment model parameters

Serial Experimental
. Model parameters
number equipment
Five-axis machining .
1 SK5L-70100 i5M8
centres

. PCB,

2 Acceleration sensors
Type 356A15

3 Data Acquisition NI-DAQ,

Cards 50HZ

4 Output Connector BNC interface

In this paper, the raw vibration signals of the electric
spindle system are collected in real time according to the
above scheme. A total of four tag states are collected:
normal (set as tag 1), spindle fault (set as tag 2), motor
fault (set as tag 3) and bearing fault (set as tag 4). The
number of samples collected for each of the four tag
states is 100, giving a total of 400 data. As the raw signal
data set collected contains 3 channels of X-axis, Y-axis
and Z-axis vibration signals, a raw signal matrix of 400 x
3 is formed.

2.2 Electric spindle fault feature extraction

The instability of the five-axis machining centre
electric spindle system at the moment of start/stop can
interfere with the signal feature extraction, so the original
signal needs to be processed for noise reduction. This
experiment each acquisition signal data volume is about
200000 or more, so extract each acquisition signal in the
label for 50001 ~ 100000 data for research, in order to
avoid the interference of the noise signal, to the normal
state of the data set as an example, its noise reduction
signal results are shown in Figure 3.

oz

oz

Figure 3 Spindle vibration signal data after noise reduction
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After noise reduction, the original vibration signal is
extracted in the time domain, frequency domain and
time-frequency domain. 13 time-domain features are
extracted in total, including mean value, variance, cliff
index, peak factor, etc.; 5 frequency-domain features are
extracted, including frequency-domain amplitude mean
value, mean square frequency, variance frequency, etc.;
the time-frequency domain features are extracted mainly
by using wavelet packet analysis to subdivide the original
signal into different frequency bands, and the energy
value of each frequency band is the extracted
time-frequency domain features. The energy value of each
frequency band corresponds to the type of electric spindle
fault, so the energy value of the frequency band is the
extracted time-frequency domain features, and the energy
value of the frequency band is calculated by the formula:

2k—1

1
Bn GH(0) = 5o O GEM@)? ()
m—0

where En denotes the total energy of the original
signal, j denotes the number of layers of wavelet packet
decomposition, andx*™(i) denotes the number of layers
in the subspace UX}™ of the signal x,i,, of the
decomposed signal. In this experiment, the number of
layers of wavelet packet decomposition of the original
signal is set to 3, which are all done by the db5 wavelet
base. The frequency domain is divided into 8 frequency
bands, as shown in Figure 4, so that 8 time-frequency
domain features are extracted. Therefore, 26 features can be
extracted for each channel signal. The features of all
channels are fused to produce 78 eigenvalues and the matrix
is reorganised to produce a 400 x 78 eigenmatrix, which is
the input to the electric spindle fault diagnosis model.
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Figure 4 Frequency bands for wavelet packet
decomposition

2.3 Fault diagnosis principle of CNN-SVM-PSO model

Firstly, the 400 x 78 sample feature matrix is
reorganised using the batch normalisation technique;
secondly, the sample data is input into the CNN model
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and passed into the global average pooling layer for
feature dimensionality reduction after two successive
convolution and pooling operations; finally, the reduced
dimensional feature vector is passed into the SVM model
optimised by the PSO algorithm for electric spindle fault
diagnosis. The specific fault diagnosis principle is as follows:
According to the above, the 40078 sample feature
matrix was derived from the feature extraction of the
original vibration signals of the four labels in the time
domain, frequency domain and time-frequency domain,
and the above feature matrix was batch normalized to
avoid the occurrence of overfitting due to gradient

dispersion, and the processing formula for batch
normalization was
X — X
an—"”" )

Xmax - Xmin

where X denotes the sample for each feature,
andX,i, denotes the minimum value of each feature,
andX;,.x denotes the maximum value of each feature.

The sample information is indirectly characterized
by the weight value of each layer derived from the
convolution operation, the higher the layer, the more
detailed the local features are extracted, and the spatial
continuity of the sample is maintained®” .The
convolution operation is given by

Xt = WX, + bf 3

where XK denotes the feature matrix of the kth

neuron at the output of the ith layer, andw;*/ denotes the

weight value of the kth neuron at layer i, and® denotes

the convolution operator, andXi"_1 denotes the feature

matrix of the jth neuron at the output of layer i-1, andb¥
is the bias coefficient of the kth neuron in layer i.

In order to improve the fault diagnosis performance of
the prediction model, the CNN model uses ReL.U function
for non-linear activation, which has good non-saturation
characteristics and avoids the gradient disappearance
phenomenon. The activation function is as follows:

0,xF<o0
V¥ =Relu(xf)=4 "
' (x5 {xik,xik>0

Where xf is the value of theX} the respective

i

C))

eigenvalues in the feature matrix.

The pooling type is chosen to be maximum pooling,
which preserves the original features and reduces the
parameters of network training, improving the robustness of
the extracted features. The maximum pooling formula is:

k — k
Cilst) = 1+(s—1\;1)%§dssQ{Vi (@ n)} ®)
1+(t—1)P<h<tP
whereV*(d, k) is the eigenvalue of column h of row
d of the ith eigenmatrix input to the pooling layer,
andCk¥(s,t) is the eigenvalue of the sth row t column of
the ith feature matrix obtained after pooling, and P and Q

are the length and width of the pooled region, respectively.
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The feature matrices of dimension S =< T, which are
derived from each row of the 400 % 78 sample feature
matrix after two convolution and pooling operations, are
fed into the global average pooling layer. The
dimensionality of the pooling kernel of the global average
pooling layer is kept consistent with the dimensionality of
the feature matrix, and the n feature matrices are
dimensionalized to output a feature vector Xr = {x1 ,
X2, .., Xi,..,xn,} wherexiis given by the formula

X = %Z Z Cs,0) ©)

The feature vector output from the global average
pooling layer is used as input to the SVM support vector
machine model. The greatest advantage of the SVM
algorithm is that the number of features in a dataset has
essentially no effect on its model complexity, making it
particularly suitable for classification tasks with relatively
large datasets of features, and the mathematical model of
the SVM is

{( min % Iwll + p Z $r )

ks.t.yr(wXT +b)+é&>1,r=12, -, L

where wis the normal vector to the hyperplane,
andp is the penalty parameter, the &, is the relaxation
factor, b is the offset coefficient, andX, is the feature
vector of the rth sample, the y, is the fault class, L is the
total number of feature samples, and the total number of
samples in this paper is 400.

The model in Eqg. (7) is mostly used to deal with
linearly divisible sample characteristics data, but the
electric spindle fault sample data is linearly indivisible, so
it is necessary to introduce the kernel function to
up-dimension each labeled sample data. In this paper, the
Gaussian radial basis kernel function is used to transform
the non-linear data of each labeled state into linear data in
high dimensional space to make the analysis possible, and
then the optimal classification hyperplane is constructed
based on the principle of maximizing the classification
interval to complete the fault diagnosis task, and its
Gaussian radial basis kernel function formula is

L

_¥I2
K(X) = sgn (Z ay yrexp (— %) + 6*) (8)

r=1

where sgn is the sign function, a; is the Lagrangian
multiplier, g is the kernel function width, and X is the
sample label data, and 6" is the configuration factor.

The five-axis machining centre spindle fault
diagnosis has a total of four label states, in essence a
multi-classification problem. In the fault diagnosis of the
sample, each classifier scores the four label states and the
label with the highest score is the final result of the fault
diagnosis. The penalty parameterp and kernel function
width g directly affect the training speed and prediction
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accuracy of the model, so how to find the optimal p , g
parameter pairing is the key to SVM model classification
prediction 8. This paper uses the PSO algorithm to
perform the SVM classification prediction. In this paper,
the PSO algorithm is wused to optimise the
hyperparameters in the SVM model to derive the optimal
solution, and its PSO algorithm optimisation search
process is shown in Figure 5.

Start

Initialize the particle swarm

Calculate the fitness of each particle

v

Update pbest. gbest.
No Update particle position speed according to finess

The maximum number of iterations is reached

or the global optimal position satisfies the
minimum bound ?

Figure 5 PSO algorithm optimisation process
2.4 Fault diagnosis process with CNN-SVM-PSO model

The process of electric spindle fault diagnosis based
on CNN-SVM-PSO model mainly includes the following
six stages: sample feature extraction, division of data set,
training CNN model, training SVM model, optimization
of model parameters and fault type diagnosis. The basic
process is shown in Figure 6:

(1) Sample feature extraction: The original signals of
the 3 channels related to the electric spindle vibration are
extracted in the time domain, frequency domain and
time-frequency domain respectively to form a sample
feature matrix.

(2) Division of data set: The above sample matrix is
normalized, the processed feature parameters are the
model input, the four label states of the electric spindle
are the model output, and the training data set and the test
data set are randomly divided, with the ratio of training
data set to test data set being 5:3.
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Figure 6 CNN-SVM-PSO fault diagnosis flowchart

(3) Training the CNN model: build a convolutional
neural network and train it using the training and test sets
from step 2. After two convolutional and pooling
operations reduce the training time of the SVM by
globally averaging one feature vector output from the
pooling layer to form a new training and test set;

(4) Training the SVM model: train the SVM model
with the training set formed in step 3, select the Gaussian
radial basis kernel function as the basis function of the
SVM classifier, initialize the penalty parametersp and
kernel function width g.

(5) Model parameter optimization: Iterative
optimization of the hyperparameters of the SVM model
based on the training data set using the PSO algorithm to
find the optimal ¢ and g parameter pairing to improve the
training speed and prediction accuracy of the model

(6) Fault type diagnosis: The test set formed with
step 3 is input to the trained SVM model to identify the
data fault type and provide a reference for electric spindle
fault repair and troubleshooting.

3 Experimental analysis of electric spindle
fault diagnosis

3.1 Setting of diagnostic model parameters

In this experiment, a 400%78 sample feature matrix
was generated after feature extraction, corresponding to
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four labeled states, namely normal state (label 1), spindle
fault (label 2), motor fault (label 3) and bearing fault
(label 4). The CNN-SVM-PSO model was constructed by
randomly disrupting the feature matrix and then batch
normalising it to construct a training set and a test set, of
which the number of training sets was 250 and the
number of test sets was 150.p and the kernel function
width g, both of which were set between 0 and 5, were
selected as the target of the optimization process. To
avoid interference from other factors, the number of
particle swarm individuals in the PSO algorithm was set
to 15 and the maximum number of iterations was set to
150, with the specific parameters shown in Table 3.
Fifteen optimisation operations were carried out
according to the parameters in Table 3, and the average
value was taken as the final result, where the penalty
parameterp was 0.401 and the kernel function width g
was 1.215. The optimizedp , g parameters were migrated
to the CNN-SVM model to complete the four label fault
diagnosis.

Table 3 Initial parameter settings for the PSO algorithm
PSO algorithm parameters Parameter values
Number of individuals in the particle population 15
Maximum number of iterations 150
Acceleration factors c1, c2 13,15
Inertia factor 0.5
Particle vector dimension 2

3.2 Selection of diagnostic model evaluation indicators

In order to quantify the results of electric spindle
fault diagnosis, this paper selects Precision, Accuracy,
Recall and Fl-score values as the evaluation
indexes™ The formulae for the calculation of Precision,
Accuracy, Recall and F1-score are as follows

. TP

Precision = TP+ FP 9

TP + TN
Accuracy = TN ¥ FP + FN (10)

TP
Recall = m (11)
2TP

Fl=score = o T FP T FN (12)

In the above equation, the values of TP, TN, FP and
FN can all be found in the confusion matrix, which is
shown in Table 4 for the dichotomy example.

Table 4 Confusion matrix

True value
Normal Fault
Normal TP FP
Predicted value
Fault FN TN
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3.3 Electric spindle fault diagnosis results

This experiment takes the electric spindle of a five-axis
machining centre as the research object, and uses the
acceleration sensor to detect the vibration signals of four label
states in real time, and forms the sample data after feature
extraction, normalised and input to the CNN-SVM-PSO fault
diagnosis model for fault identification, and the fault
identification results of the training set obtained are shown in
Figure 7, and it can be found that only 1 sample out of 250
training samples, The fault identification results of the test
samples are shown in Figure 8, and it can be found that only 1
sample out of 150 test samples was diagnosed incorrectly,
with an accuracy rate of 99.33%. The results show that the
CNN-SVM-PSO model has a good effect in the diagnosis of
electric spindle faults.

Comparison of Training Set Prediction Results
Accuracy=99.6%
T @

4 T
imi—vsa\‘/urjrpso Predicted Value
351 1
= 3r i
&
§ 25
g 2 e
1.5+
. ‘ . . ]
50 100 150 200 250
Prediction Sample
Figure 7 Training set spindle fault prediction results

Comparison of Test Set Prediction Results
Accuracy=99.3333%

—%— True value
—©— CNN-SVM-PSO Predicted Value

351

251

Prediction Result

20 40 60 80 100 120 140
Prediction Sample

Figure 8 Test set spindle failure prediction results

The confusion matrix of the CNN-SVM-PSO model
electric spindle fault diagnosis test set is shown in Figure
9. It can be seen that the test set contains 36 samples of
normal state (label 1), spindle fault (label 2) 40, motor
fault (label 3) 32 and bearing fault (label 4) 42, total
150 samples. In the diagnosis of the spindle fault (tag
2), one sample was incorrectly classified as a motor
fault (tag 3), with an accuracy rate of 97.5%; no errors
were found in the diagnosis of normal condition (tag 1),
motor fault (tag 3) and bearing fault (tag 4), with an
accuracy rate of 100%.

The evaluation index of electric spindle fault
diagnosis can be calculated through the confusion matrix,
and the results of the evaluation index of its four state
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labels are shown in Table 5. For the accuracy rate index, it
can be seen that the accuracy rate of the spindle fault is
the lowest, but it also reaches 97.5%, and all other states
can reach 100%, which achieves a better result; for the
correct rate index, it can be seen that the accuracy rate of
all three wear states is 99.33%, which is consistent with
the previous analysis; for the recall rate index, it can be
seen that only the recall rate of the motor fault (label 3)
does not reach For the F1 value metric, it can be seen that
the minimum value of F1 for the four fault types is 0.985,
which is close to 1. These four results further validate the
superiority of the CNN-SVM-PSO model in the diagnosis
of electric spindle faults.

Confusion Matrix for Test Data

True value

100.0% 100.0% 97.0% 100.0%

Predicted value
Figure 9 Fault diagnosis confusion matrix

Table 5 Results of the four fault diagnosis evaluations

Label Classification  Precision Accuracy Recall rate F1 value

1 100% 99.33% 100% 1
2 97.5% 99.33% 100% 0.987
3 100% 99.33% 97% 0.985
4 100% 99.33% 100% 1

In order to further verify the identification effect of
the CNN-SVM-PSO electric spindle fault diagnosis
model, the prediction effect was compared with other
traditional fault diagnosis models in the past, such as BP
neural network, CNN model, SVM model and CNN-SVM
model, and the prediction results of these four traditional
electric spindle fault diagnosis models are shown in Figure
10. From Fig. 8 and Fig. 10, it can be seen that the
prediction effects of the five electric spindle fault diagnosis
models are ranked as CNN-SVM-PSO > CNN-SVM >
CNN > SVM > BP. It can thus be seen that the hybrid
CNN-SVM model based on the optimization of PSO
algorithm proposed in this paper has obvious advantages in
electric spindle fault diagnosis, which is due to the ability
in the CNN-SVM-PSO model to deep mining of data
hidden layer features with high nonlinearity and
comprehensive feature extraction, and the PSO algorithm is
able to perform a deep mining of the penalty parameter in
the SVM support vector machinep The PSO algorithm is
able to find the optimal pairing of two hyperparameters in
the SVM support vector machine and the kernel function
width g, which avoids the blindness of setting parameters
and thus improves the accuracy of the prediction model. It
is calculated that the CNN-SVM model optimized based on
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the PSO algorithm improves the accuracy by 2% over the
traditional CNN-SVM model.

Comparison of Test Set Prediction Results
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Figure 10 Prediction results of the four traditional models

(2) BP model. (b) CNN model. (c) SVM model. (d) CNN-SVM model

Table 6 shows the performance comparison results
of the five electric spindle fault diagnosis models. The
number of diagnostic error samples of BP model, SVM

28

model, CNN model and CNN-SVM model are 16, 10, 7
and 4 respectively, and their accuracy rates are 89.33%,
93.33%, 95.33% and 97.33% respectively. In contrast, the
CNN-SVM-PSO model proposed in this paper diagnosed
only one wrong sample and the accuracy rate was as high
as 99.33%, which improved the accuracy index by 10%,
6%, 4% and 2% respectively compared with the above
four traditional models. This shows that under the
conditions of consistent samples and the same number of
samples, the prediction accuracy of the hybrid CNN-SVM
model based on the optimised PSO algorithm for electric
spindle fault diagnosis is significantly higher than the
other models, and its generalisation ability is stronger and
the network fitting speed is faster, which indirectly
indicates that using the CNN-SVM-PSO model for
electric spindle fault diagnosis is more accurate and can
provide a reference for electric spindle fault repair and
troubleshooting. This indirectly indicates that the
CNN-SVM-PSO model is more accurate for electric
spindle fault diagnosis and can provide a reference for
electric spindle fault repair and troubleshooting.

Table 6 Performance comparison results of the five
diagnostic models

Number of misidentified samples

Algorithm Normal Bearing Spindle Motor Accuracy
Status  failures failure failure
BP Neural
1 5 9 1 89%
Network
SVM Algorithms 0 2 3 5 93%
CNN Algorithms 0 2 3 2 95%
CNN-SVM
. 1 1 2 0 97%
algorithm
CNN-SVM-PSO
. 1 0 0 99%
algorithm

4 Conclusion

In this paper, a CNN-SVM fault diagnosis model
based on PSO algorithm optimisation is proposed to
classify and predict four labeled states: normal state,
spindle fault, motor fault and bearing fault of an electric
spindle, taking the electric spindle of a five-axis
machining centre as the experimental object. The model
uses a convolutional neural network (CNN) model as a
deep feature miner and a support vector machine (SVM)
as a fault state classifier to complete the diagnosis of
electric spindle fault types. In order to improve the
prediction accuracy of the model, the powerful search
capability of the particle swarm algorithm (PSO) is used
to search for the superparameters in the model. The
results show that:

(1) The best hyperparameter pairing for the
CNN-SVM electric spindle fault diagnosis model was
found by the PSO algorithm, where the penalty
parameterp is 0.401 and the kernel function width g is
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1.215, which reduces the subjective influence of manual
parameter selection and avoids the blindness of setting
parameters, thus improving the diagnostic accuracy.

(2) The CNN-SVM-PSO model can effectively
monitor and diagnose the common types of faults in
electric spindle systems, and its diagnostic accuracy
reaches 99.33%.

(3) Under the same conditions, the diagnostic
performance of the CNN-SVM-PSO model proposed in
this paper was compared with the BP model, CNN model,
SVM model and CNN-SVM model, and the results
showed that the model constructed in the paper has
obvious advantages in electric spindle fault diagnosis, and
its accuracy indexes were improved by 10%, 6%, 4% and
2% respectively.

In the future, this CNN-SVM-PSO electric spindle
fault diagnosis model can be widely used in the fields of
spindle fault diagnosis and intelligent operation and
maintenance of CNC machine tools in various factories.
By monitoring the vibration signal of the electric spindle in
real time, it is of practical significance to achieve early
warning and display the type of fault when the vibration signal
is abnormal, providing reference advice to maintenance
personnel and improving maintenance efficiency.

Author  Contributions: ~ For  Conceptualization,
methodology, analysis, and writing original draft
preparation, Wang Shuo; writing review and full-text
editing, Yu Zhenliang; writing—original draft preparation,
Liu Xu; writing—original draft preparation, Lv Zhipeng.
Conflicts of interest: The authors declare no conflict of
interest.All authors have read and agreed to the published
version of the manuscript.

Acknowledgments: The research work financed with the
means of Basic Scientific Research Youth Program of
Education  Department of  Liaoning  Province,
No0.LJKQZ2021185; Yingkou Enterprise and Doctor
Innovation Program (QB-2021-05).

References

[1] Zhaolong Li, Wenming Zhu, Bo Zhu, et al.. Simulation
analysis model of high-speed motorized spindle structure
based on thermal load optimization [J]. Case Studies in
Thermal Engineering, 2023(44):76-78.

[2] Li Zhaolong, Zhu Bo, Dai Ye, et al. Research on Thermal Error
Modeling of Motorized Spindle Based on BP Neural
Network Optimized by Beetle Antennae Search Algorithm
[J]. Machines,2021,9(11):91-93.

[3] Wen-tao Shan, Xiao-an Chen. Block adaptive backstepping
control for high-speed motorized spindle based on global
RBF neural network [J]. Journal of Residuals Science &
Technology,2016, 13(8):27-28.

[4] C.K.Madhusudana, N. Gangadhar, Hemantha KumarKumar,
et al. Use of Discrete Wavelet Features and Support Vector
Machine for Fault Diagnosis of Face Milling Tool [J].
Structural Durability & Health Monitoring,2018,12(2):34-35.

[5] Lee Hojin, Jeong Hyeyun, Koo Gyogwon, et al. Attention RNN
Based Severity Estimation Method for Interturn

Mechanical Engineering Science | Vol. 4 | No.2 | 2022

Short-Circuit Fault in PMSMs [J]. IEEE Transactions on
Industrial Electronics, 2020(1):29-30.

[6] Han Sung-Ryeol, Kim Yun-Su. A fault identification method
using LSTM for a closed-loop distribution system protective
relay [J]. International Journal of Electrical Power and
Energy Systems, 2023(1),148.

[7]1 Zhou Yuankai, Wang Zhiyong, Zuo Xue, et al. Identification of
wear mechanisms of main bearings of marine diesel engine
using recurrence plot based on CNN model [J]. Wear,
2023(1),520-521.

[8] Chen Yu, Zhou Huicheng, Chen Jihong, et al. Spindle thermal
error modeling method considering the operating condition
based on Long Short-Term Memory [J]. Engineering
Research Express, 2021,3(3):73-74.

[9] Wen Long, Li Xinyu, Gao Liang, et al. A New Convolutional
Neural Network-Based Data-Driven Fault Diagnosis Method
[J].  IEEE  Transactions on Industrial Electronics,
2018,65(7):1256-1267.

[10] Tian-Luu Wau, Ji-Hwei Horng. Semantic Space Segmentation
for Content-Based Image Retrieval using SVM Decision
Boundary and Principal Axis Analysis [J]. Lecture Notes in
Engineering and Computer Science, 2008,2168(1):451-455.

[11] Stefan Droste, Thomas Jansen, Ingo Wegener. Upper and
Lower Bounds for Randomized Search Heuristics in
Black-Box Optimization. Electron. Colloquium Comput [J].
Complex, 2003(4): 48-48.

[12] Weifeng Lu, Bingyu Cai, Rui Gu. Improved Particle Swarm
Optimization Based on Gradient Descent Method [J]. CSAE,
2020(1): 121-126.

[13] Salih Omran, Duffy Kevin Jan. Optimization Convolutional
Neural Network for Automatic Skin Lesion Diagnosis Using a
Genetic Algorithm [J1. Applied
Sciences,2023,13(5):1233-1235.

[14] Zhang Xin, Jiang Yueqiu, Zhong Wei. Prediction Research on
Irregularly Cavitied Components Volume Based on Gray
Correlation and PSO-SVM [J1. Applied
Sciences,2023,13(3):445-446.

[15] Yu Sun, Dongpo He, Jun Li. The PSO optimisation SVM
prediction model for the asphalt pavement environment
and service fatigue life [J]. International Journal of
Information and Communication Technology, 2022,
20(4):342-344,

[16] Jin Xin Zhang, Min Wang, Tao Zan, et al. Fault Detection of
a High-Speed Electric Spindle. Advanced Materials Research,
2012, 1671(472-475):1568-15669.

[17] Gajera Himanshu K., Nayak Deepak Ranjan, Zaveri Mukesh
A. A comprehensive analysis of dermoscopy images for
melanoma detection via deep CNN features [J]. Biomedical
Signal Processing and Control,2023,79(P2):423-433.

[18] Fafa Chen, Chen Fafa, Cheng Mengteng, et al. Pattern
recognition of a sensitive feature set based on the
orthogonal neighborhood preserving embedding and
adaboost_SVM algorithm for rolling bearing early fault
diagnosis [J]. Measurement Science and Technology,2020,
31(10):348-351.

[19] Wang Erhua, Yan Peng, Liu Jie. A Hybrid Chatter Detection
Method Based on WPD, SSA, and SVM-PSO [J]. Shock and
Vibration, 2020(77):45.

29



