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Early Fault Detection of Machine Tools Based on
Deep Learning and Dynamic Identification
Bo Luo , Haoting Wang , Hongqi Liu, Bin Li, and Fangyu Peng

Abstract—In modern digital manufacturing, nearly 79.6%
of the downtime of a machine tool is caused by its mechanical failures. Predictive maintenance (PdM) is a useful way to
minimize the machine downtime and the associated costs.
One of the challenges with PdM is early fault detection
under time-varying operational conditions, which means
mining sensitive fault features from condition signals
in long-term running. However, fault features are often
weakened and disturbed by the time-varying harmonics and
noise during a machining process. Existing analysis methods of these complex and diverse data are inefficient and
time-consuming. This paper proposes a novel method for
early fault detection under time-varying conditions. In this
study, a deep learning model is constructed to automatically
select the impulse responses from the vibration signals in
long-term running of 288 days. Then, dynamic properties
are identified from the selected impulse responses to detect
the early mechanical fault under time-varying conditions.
Compared to traditional methods, the experimental results
in this paper have proved that our method was not affected
by time-varying conditions and showed considerable
potential for early fault detection in manufacturing.
Index Terms—Computer numerical control (CNC) machine tool, deep learning, dynamic identification, fault
diagnosis, feature extraction.
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I. INTRODUCTION

NC machine tools play an important role in modern digital
manufacturing. They are used for shaping or machining
metal or other rigid materials, usually by cutting, boring, grinding, shearing, or other forms of deformation. Due to long-term
running, the abrasions and fatigues of its mechanical component are inevitable, resulting in poor product quality and low
efficiency. In modern industry, nearly 79.6% of the downtime of
a machine tool is caused by these mechanical failures [1]. Thus,
early fault detection is highly desired to increase the product
quality, expedite the progress of unscheduled maintenance, and
shorten the machine downtime [2].
To address this issue, various signals, such as vibration analysis [3], current signature analysis [4], acoustic emission [5],
stray flux analysis [6], etc., have been studied for condition
monitoring. Among them, vibration analysis has been widely
used and has shown satisfactory performance [7]. Generally,
feature extraction is the key to early fault detection. The commonly used feature extraction methods can be mainly classified
into three categories: the TD analysis [8], FD analysis [9], and
TD–FD analysis [10].
However, most of the existing methods, which are based on
a stationary assumption (i.e., constant speed and load), are only
suitable for fault detection under constant operating conditions
[11]. In actual machining processes, the working conditions are
affected by many factors, such as different cutting tools, different
workpieces, different cutting parameters, etc., [12]. Especially
in long-term running, the machining load and speed vary frequently over time, which results in nonstationary signals, thus
time-varying fault features. Fig. 1 illustrates a vibration signal
collected from a cylinder machining process, consisting essentially of four operations: surfacing, side milling, drilling, and
boring. Spectra I, II, III, and IV indicate the Fourier transforms
of the vibrations in surfacing, side milling, drilling, and boring, respectively. As shown in the figure, under four conditions,
the vibration characteristics in both TD and FD have changed
significantly.
Usually, fluctuating cutting loads tend to cause amplitude
variation of the vibration, while fluctuating cutting speeds induce frequency modulation. Such variations make conventional
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Fig. 1. Vibration signal and its spectrum of the machine tool under
time-varying working condition.

stationary based methods ineffective. When the signal features
change, it is difficult to determine whether they are caused by an
abnormal mechanical failure or a normal change under working
condition. To date, the reported literature on the topic of fault
detection under nonstationary condition is still very limited. In
general, two major challenges exist for early fault detection in
real industrial environments:
1) Early fault detection means mining sensitive fault features from large-scale vibration data in long-term running. Most existing analysis methods of these complex
and diverse data are manual methods, which are inefficient and time-consuming. It is necessary to introduce
an intelligent data preprocessing method for automatic
analysis of the large-scale vibration data.
2) In real industrial application, fault features are often
weakened and disturbed by the time-varying harmonics
and noise during machining. These nonstationary conditions will result in different feature spaces and different
distributions. It is difficult to select sensitive fault features that are unaffected by the time-varying working
conditions.
To fill this research gap, this paper proposes a novel method
for early fault detection under time-varying working conditions.
This method is performed in three steps. First, a deep learning
model is used to automatically select the impulse responses
from the long-term vibrations. Then, an algorithm is introduced
to identify the dynamic properties of the machine tool from the
impulse responses. Finally, an indicator based on the dynamic
properties is introduced to predict the health status of the machine tool. The contributions of this paper are summarized as
follows.
1) The dynamic properties were used for health condition
monitoring in machine tools for the first time. The dynamic properties are inherent characteristics of a machine
tool; hence, they are not affected by external time-varying
working conditions. Compared to traditional fault features, they are more suitable for health monitoring in
industrial applications.
2) A data mining method based on deep learning model
was used to identify the dynamic properties, rather than
simply pattern recognition and classification of existing
faults, like most current deep learning models do.

3) The health status of the machine tool under time-varying
operation condition was diagnosed and monitored for the
first time.
4) The effectiveness of the proposed method was demonstrated by massive data in long-term running of an actual
machine tool in a real industrial plant.
The rest of this paper is organized as follows. Section II
reviews the related research works. In Section III, the framework and details of the proposed method for early fault detection under time-varying condition are briefly introduced. In
Section IV, details of the validation experiment and data acquisition are illustrated. Then, the effectiveness of the proposed
method is discussed in Section V. Finally, Section VI concludes
the paper with a discussion of the future work.
II. REVIEW RELATED WORK
Signal-based fault detection and diagnosis methods are
widely used in real-time monitoring and diagnosis for motors,
buildings, power converters, and other mechanical systems [13].
These methods include three parts: signal acquisition, feature
extraction, and fault recognition. The most challenging part is
the extraction of sensitive fault features from the collected noisy
signals [14]. Currently, two types of approaches exist for selecting sensitive features from the collected noisy signal. The first
approach is the signal processing approach, such as statistical
analysis [15], Fourier transform [16], wavelet transform (WT)
[17], empirical mode decomposition [18], and sparse representation [14]. Besides the signal processing approach, dimensionality reduction is another type of approach to select features,
which include PCA [19], local discriminant analysis [19], etc.
However, all these approaches require manual selection of features, which has two issues in real industry applications. First,
measurement noise, operator errors, nonlinear dynamics, etc.,
lead to significant uncertainty in the signal [20]. Second, the
number of fault features in collected signal is very large but
most of them are distorted or indifferent to health status [1],
which are hard to be identified through manual selection. Due
to these two issues, manually extracting a set of sensitive features is extremely difficult and time-consuming [21], thus it is
difficult to apply in real industrial applications.
Different from traditional methods, deep learning is a new
proposed machine learning, which has the great capacity to automatically learn the valuable features from the raw data. The
deep learning models for fault diagnosis can be divided into three
main types: CNN, DBN, and DAE [22]. Ince et al. [23] used a
one-dimensional CNN for motor fault diagnosis and fused the
feature extraction and classification phases into a single learning body. Liu et al. [24] constructed a Gaussian–Bernoulli DBN
to learn sensitive features for rotor system diagnosis based on
vibration imaging. Jia et al. [25] constructed a deep DAE to
reduce data dimension to extract useful feature from the measured vibration for fault diagnosis. However, most of the deep
learning models work well only under a general assumption:
the training and testing data must have the same distribution
and feature space [26]. It implies that the performances of
these models would drop dramatically when the distribution and
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feature space change [27]. Unfortunately, this situation happens frequently under time-varying working conditions, which
severely challenges the validity of machine learning methods
used in fault diagnosis outside of controlled time-invariant laboratory conditions. In order to solve this problem, Wen et al.
[28] proposed a DAE model for bearing fault diagnosis based
on deep transfer features. Liu et al. [29] designed a dislocated
time series convolutional neural architecture to learn electric
machine fault features from the vibration signal under nonstationary condition. Liu et al. [26] proposed a novel deep neural
network model with domain adaptation for fault diagnosis. All
these methods were proposed for simple pattern recognition
and classification of existing faults. However, PdM requires
mining and tracing the slight fault features in the early stage
from large-scale vibration data, and monitoring the evolution of
the degradation process. These existing deep learning models
used for classification are not suitable in this case. In order to
solve this problem, we proposed a data mining method to detect
early fault features from vibration in long-term running. Different from other deep learning methods for fault diagnosis, our
method used deep learning for dynamics identification rather
than classifying the already existing faults.
III. PROPOSED METHOD
A. General Procedure of the Proposed Method
In this paper, a novel method for early fault detection under
time-varying working conditions is proposed. The framework
of this method is shown in Fig. 2 and the general procedures are
summarized as follows.
Step 1: Collect the vibration signal of the machine tool in
industry environment in long-term running.
Step 2: Take samples of a vibrational signal using a sliding
frame. The aim of the sliding frame is to divide the
overall vibration signal into smaller samples with a
fixed length.
Step 3: Randomly select samples to build training dataset
and testing dataset for a deep learning model. The
samples are labeled into two categories: impulse response and nonimpulse response.
Step 4: The training dataset and testing dataset are used to
train and test the deep learning model that consists
of the SAE layer and the BPNN layer.
Step 5: The trained deep learning model is used to recognize
and select the impulse responses from the measured
vibration signals automatically in long-term running.
Step 6: The dynamic properties of the machine tool are identified from the impulse responses over time.
Step 7: Finally, a health indicator based on the similarity of
dynamic properties is used to indicate and monitor
the health status of the machine tool.
B. Impulse Response and Deep Learning
All vibration signals could be classified into two categories: impulse response and nonimpulse response. The impulse
response is the vibration signal caused by the reaction of the
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dynamic system in response to the impulse. In the machining
process, the impulse is a fast-acting force or impact, such as
inertial force due to a sudden change of the movement of drives
[30], pulse-like cutting force [31] caused by a sudden change
of cutting conditions, etc. Mathematically, the impulse can be
modeled as a Dirac delta function and has a wide excitation
spectrum in the FD. Therefore, the response of the impulse contains important information for dynamics identification and has
been widely used in engineering. On the other hand, the nonimpulse responses are the vibrations excited by ordinary force in
machining. Normally, the harmonics in nonimpulse responses is
significant, which makes it impossible to identify the dynamic
properties.
In order to automatically recognize and select impulse responses from a complex vibration signal in long-term running
in high accuracy, a deep learning model consisting of the SAE
layer and BPNN layer was adopted. The SAE layer is an unsupervised learning neural network that consists of multiple layers
of stacked SAEs. Details about the SAE are given in the literature [25] and [32]. Pretrained by the unlabeled dataset, it is used
to reduce data dimension of the input. The BPNN layer is the last
layer of the deep learning model. By supervised learning of the
BPNN, the error back-propagation is adopted to fine-tune the
SAE layer. In this way, the time-varying harmonics in nonimpulse responses could be eliminated and the dynamic properties
could be identified easily from the impulse response.
C. Dynamic Identification Algorithm
The dynamic properties can be estimated from the impulse response using the state-space model. The identification algorithm
is first proposed to estimate the dynamics of a civil building [33].
Similar to the civil building, the dynamics of the machine tool
can also be represented by a state-space model:
ẋ (t) = AC x (t) + BC u (t)
y (t) = CC x (t) + DC u (t)

(1)

where AC is a 2n-by-2n designated state matrix, x(t) is the
state vector, which contains the displacements and the velocities
vectors of the dynamic system, and y(t) is the output vector that
consists of the accelerations of the dynamic system. CC is the
output matrix and DC is designated direct transmission matrix.
In [33], it is demonstrated that state matrixes could be further
expressed as follows:
AC = ΨΛC Ψ∗




Λ 0
Θ Θ∗
ΛC =
, Ψ=
ΘΛ Θ∗ Λ∗
0 Λ∗


Θ = · · · φk · · · , k = 1, . . . , n

(2)

where •∗ means a complex conjugate, λk is related to the structure frequency ωk and damping ratio ξk according to the following expression:

λk = −ξk ωk + i 1 − ξk2 ωk .
(3)
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Framework of the early fault detection method based on deep learning and dynamics identification.

Thus, once state matrix AC has been estimated, it is easy to
extract the natural frequencies and the damping ratios from the
state matrix. In order to acquire the state matrix AC , Reynders
has given the relation between the state matrix and the polynomial matrices [33]:
⎡
⎤
−1
−1
−1
−A−1
p Ap−1 −Ap Ap−2 · · · −Ap A1 −Ap A0
⎢
⎥
I
0
···
0
0
⎢
⎥
Ac = ⎢
⎥
..
.
.
..
..
..
⎣
⎦
.
.
···
0
0
···
I
0
 −1 
Ap
BC =
0


−1
CC = Bp−1 − Bp A−1
p Ap−1 · · · B0 − Bp Ap A0

DC = Bp A−1
p .

the theoretical half-spectrum matrix given by

E N L S (ωj ) =

p



Br eiω j Δ tr

r =0

p


−1
Ar eiω j Δ tr

− Ŝy+y (ωj )

r =0

(6)

where Ŝy+y (ωj ) is a half-spectrum matrix of the impulse response. Then, the polynomial matrices Br and Ar can be determined using the least squares cost function, which is obtained
by adding all the squared elements of the error matrix evaluated
at all the discrete frequency values from ω1 to ωn f :

(4)

The polynomial matrices can be calculated by a right matrix
fraction model acquired from the impulse response:
 p
−1
p


−1
+
iω j Δ tr
iω j Δ tr
Sy y (ωj ) = B(A) =
Br e
Ar e
r =0

r =0

(5)
where Br and Ar are matrices for dynamic identification, p is the
order of the polynomials, and Δt is the interval time determined
by the sampling rate. The goal of our identification algorithm
is to find matrices Br and Ar that minimize the differences
between the half-spectrum matrix of the impulse response and

ε=

nf
no 
nr 


Eo,r (ωj ) Eo,r (ωj )∗

(7)

o=1 r =1 j =1

where Eo,r (ωj ) is a general element in o line and r column of
the error matrix. If the polynomial basis functions evaluated at
ωj are organized in one row vector with (p + 1) components


Ω (ωj ) = Ω0 (ωj ) Ω1 (ωj ) · · · Ωp (ωj )


= eiω j Δ t0 eiω j Δ t1 · · · eiω j Δ tp .

(8)
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Then, one general line o of the error matrix can be calculated
with the following equation:
⎡
⎤
B0o
⎢B1o ⎥
⎢
⎥
Eo (ωj ) = Ω (ωj ) • ⎢ . ⎥
.
⎣ . ⎦
Bpo

⎡

⎤
A0
⎢A1 ⎥


⎢ ⎥
+ Ω0 (ωj ) Ω1 (ωj ) · · · Ωp (ωj ) Ŝy+y o ⎢ . ⎥
⎣ .. ⎦
Ap
(9)
where Br o represents the o line of matrix Br and Ŝy+y o represents
the o line of matrix Ŝy+y . Introducing the following definitions:
⎡
⎡ ⎤
⎤
B0o
A0
⎢B1o ⎥
⎢A1 ⎥
⎢
⎢ ⎥
⎥
βo = ⎢ . ⎥ with o = 1, 2, . . . , no and αo = ⎢ . ⎥ . (10)
⎣ .. ⎦
⎣ .. ⎦
Bpo

Ap

Equation (10) can be further generalized to all the discrete
frequencies values
 
 βo

Eo (βo , α) = Xo Yo
.
(11)
αo
Finally, the scalar cost function can be calculated with the
following matrix equation:
ε (βo , α) =

no




tr Eo (βo , α)H Eo (βo , α)

o=1

=

no

o=1

tr




βoT

α

T

 Ro So



ST
o To

βo



α

(12)

where Ro = Re(XoH Xo ), Ro = Re(XoH Xo ), To = Re(YoH Yo ),
and tr{•}means the sum of the elements in the main diagonal
of a matrix, and Re(•) represents selection the real part of a
complex number. The minimum of the cost function is then
determined by forcing its derivatives with respect to elements
Br and Ar matrices to be zero
∂ε (βo , α)
= 2 (Ro βo + So α) = 0
∂βo
no

 T

∂ε (βo , α)
So βo + To α = 0.
=2
∂α
o=1

Fig. 3. Data acquisition system on CNC machining center in a real
manufacturing factory.
TABLE I
SPECIFICATIONS OF THE DATA ACQUISITION SYSTEM
Acceleration sensor
(Dytran:3097A1)

1) Sensitivity: 10 mV/g sensitivity
2) Range F.S. For ±5 Volts Output: ±500 g
3) Frequency response: 0.3–10 000 Hz
4) Resonant frequency: >40 kHz
5) Temperature range: –60 to +250 F

Data acquisition system
(Dewesoft: HD-ACC)

1) 24 bit 100 kHz/5 kHz conversion
2) Gain accuracy: ±0.05% of reading
3) 2000 samples/s rate

Acquisition time

1) From 2016.5.14 17:36:41
2) To 2017.2.27 09:56:27

Data volume

1) 1.086 Tb

handles the following different machining operations: surfacing, boring, lifter bore machining, drilling, spot facing, cylinder
chamfering, and O-ring grooving. Thus, the working conditions
of the machine tool vary significantly over time. Due to highspeed movement of the feed drive, ball screw wear is the most
common failure in daily manufacturing. In order to detect the
early fault, a three-phase acceleration sensor is fixed on the feed
drive base. Fig. 3 shows the sensor location and the data acquisition system. To digitize the continuous vibration signals,
a Dewesoft data acquisition system is used. Detailed specifications of the data acquisition system are presented in Table I. In
this experiment, the vibration data were collected continuously
for 288 days with the data volume of 1.086 Tb.
V. EXPERIMENTAL RESULTS
In this section, the impulse responses were selected by the
DAE model first. Then, the impulse responses were used to
identify the dynamic properties for early fault detection.

(13)

By solving the above-mentioned partial differential equation,
α and β can be calculated to construct the state matrix. With
this step, the identification problem is solved.
IV. DATA ACQUISITION
In this study, the vibrational data are collected continuously
from a CNC machining center in an automobile factory. The
machining center is used to manufacture the engine blocks. It

A. Effectiveness of the Deep Learning Model
A DAE model was trained to recognize and select the impulse
responses from the long-term vibration data. In order to evaluate
the performance of the model, 10 000 samples were collected
from the measured signals by a sliding frame and each frame
contains 1024 data points. The samples were classified into
two categories: the impulse response and nonimpulse response.
Among all the response samples, 9000 samples are randomly
selected for training, and the remaining 1000 for testing.
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TABLE II
PARAMETERS OF THE DEEP LEARNING MODEL
Description

TABLE V
RESULTS OF IDENTIFICATION
Value

The length of the sliding frame
The number of the auto-encoders
The size of the first auto-encoders
The size of the second auto-encoders
The size of the third auto-encoders
The size of the fourth auto-encoders
Initial learning rate/Increasing factor/Decreasing factor

1024
4
1024ࢩ 256ࢩ 1024
256ࢩ 128ࢩ 256
128ࢩ 64ࢩ 128
64ࢩ 32ࢩ 64
0.08/1.05/0.9

TABLE III
CLASSIFICATION RESULTS BASED ON DIFFERENT FEATURES
OF THE IMPULSE RESPONSE
Method

Average accuracy

Standard deviation

97.3%
86.5%
79.7%
64.2%

0.058
0.354
0.412
1.277

DAE features
WT features
FD features
TD features

TABLE IV
PERFORMANCE OF DAE MODELS WITH DIFFERENT
NUMBERS OF AUTO-ENCODERS
Auto-encoder number
The final accuracy
The training time (Minutes)

2
94.5%
152.4

3
97.3%
245.7

4
97.5%
372.1

5
98.1%
513.8

In the experiments, the DAE model with four auto-encoders
was constructed. The parameters of the DAE model are listed in
Table II. Meanwhile, the traditional signal-based features were
selected manually as comparison, including TD features, FD
features, and WT. Detailed descriptions of the WT features,
TD features, and FD features can be found in [34], [35], and
[36], respectively. In order to validate the results, 15 trials were
performed for training and testing the methods.
The average accuracy of the 15 trials is listed in Table III.
It can be seen that the DAE features have higher accuracy and
better stability than traditional signal-based features. Besides,
the traditional methods are labor-intensive and time-consuming
when dealing with massive vibrational data. It can be expected
that any possible potential improvements of traditional methods
would cost large amount of labor and time.
To futhur study the performance of DAE models, deep learning models with different numbers of auto-encoders were built
and compared. The results are presented in Table IV. In general, the final accuracy is improved gradually as the number of
auto-encoders increases. However, it costs longer time to train
the deep learning model with the increased number of autoencoders. Thus, the balance between model accuracy and its
training time needs to be considered in a specific case.
B. Effectiveness of a Dynamics Identification Algorithm
In order to verify the dynamics identification algorithm, the
natural frequencies and damping ratios of the machine tool
are identified from two different impulse responses A and B.

Natural frequency (Hz)

Damping

Mode
First Second Third Fourth First Second Third Fourth
Response A 13.02 24.12 39.47 62.01 0.139 0.064 0.036 0.017
Response B 12.89 23.94 39.55 63.29 0.108 0.115 0.043 0.028
Change rate 1.0%

0.8%

0.2%

2.0%

28%

44%

16%

39%

The impulse responses A and B are selected under two different working conditions, such as drilling and milling. Fig. 4
presents the stability diagram of the results that identified from
impulse responses A and B. The stability diagram is an intuitive approach that presents the model order of the algorithm
and the solutions found for the order. In Fig. 4(b) and (e), the
clusters with different colors represent the calculated dynamic
property results, in which the natural frequencies are shown on
the abscissa axis, while the model orders of the algorithm are
displayed on the ordinate axis. Usually if a calculated frequency
were to appear at any order, there would be a high probability
that it was a natural system frequency. Therefore, the clusters
in blue, red, pink, and green colors indicate the estimated natural frequencies of the first, second, third, and fourth modes of
the machine tool, respectively. Similarly, the clusters with the
corresponding colors in Fig. 4(c) and (f) represent the estimated
damping ratios of those four modes of the machine tool. As
shown in the four stability diagrams in Fig. 4, the identifications
gradually converge into linear clusters as the order number increases. Once the model order is high enough, most clusters in
the stability diagrams are fairly clear, which indicates that the
results of the dynamics identification algorithm are believable
and the method is valid.
Based on the stability diagrams, the mean values of natural
frequencies and damping ratios of the four modes that identified from impulse responses A and B are calculated and presented in Table V. As seen, under different working conditions,
the change rates of the damping ratios are much larger than
those of the natural frequency change rates. The change rate of
natural frequency of each mode is very small, which implies
that the natural frequencies are almost unaffected by external
time-varying working conditions. Therefore, in this paper, only
natural frequencies are used for indicating the health condition
of the machine tool.
C. Heath Indicator Based on Dynamics Identification
The similarity between feature vectors is used to represent
the health status. Existing methods for computing the similarity
between the two vectors include Hamming distance, Euclidean
distance, Hausdorff distance, Cosine distance, Bray–Curtis
similarity, Pairwise-adaptive similarity, Jaccard coefficient, etc.
[37]. Among them, the cosine distance is one of the most widely
used methods for similarity measurement in fault diagnosis and
its effectiveness has been proved in the literature [38].
In this paper, the Cosine distance is adopted as the health
indicator. As shown in Fig. 5, the first feature vector with red
color is defined as a standard vector that represents the initial
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Stability diagrams of the identification results.

Fig. 5. Health index based on the similarities of the feature vectors
over time.

health status. The blue feature vector with subscript n indicates
the current health status. The cosine of the angle between two
vectors could be used to measure how “similar” they are: two
vectors with the same orientation have a cosine similarity of
1, which indicates current health status does not change; two
vectors in orthogonal directions have a similarity of 0, which
indicate the health status changes a lot from its original status;
and in-between values indicate intermediate similarity or dissimilarity. If the cosine similarity value between the standard
vector and current vector decreases, it implies that the current
health status is becoming worse than the initial health status.
In this experiment, the vibrational signal has been collected
continuously for 228 days. The vibration data volume is huge;

thus, the computational burden is considerable. It is impractical and unnecessary to use all impulse responses for dynamics
identification. In order to solve this problem, only a partial of
impulse responses are selected for dynamics identification and
health condition monitoring. The overall process is as follows:
Step 1: To reduce data volume, a portion of them are selected
for health condition monitoring. Although more impulse responses are selected means higher the accuracy and resolution of the health index, more impulse
response also implies more computation. Thus, the
balance between accuracy and computing resource
should be considered in a specific case. In our experiment, four impulse samples were randomly selected
every day. Thus, there were totally 228 × 4 = 1152
impulse responses.
Step 2: The natural frequencies of the first four modes of
the machine tool are identified in this study. Besides,
in order to validate their efficiency, TD features, FD
features, and DAE features are also extracted from
the impulse response as comparison.
Step 3: Four kinds of feature vectors are constructed based
on natural frequencies, TD features, FD features, and
DAE features.
Step 4: Cosine distances are calculated as the health indicators based on the four different feature vectors.
Fig. 6 presents the four heath indicators based on different
feature vectors. The dots represent the calculated health
indexes, while the curve indicates their mean values. From the
four figures, it can be seen that only the natural frequencies
vector can indicate health status of the machine tool, since
the other three methods did not show the health status change
during the degradation process. The reason for this is that the
natural frequencies are inherent dynamic characteristics of
the machine tool. They are unaffected by the variation of the
external time-varying working conditions. But the damage in
a mechanical component will introduce local flexibilities and
then changes in dynamic characteristics [39]. Fig. 7(a) presents
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Fig. 6. Health indicator based on different feature vectors. (a) Natural frequency features, (b) DAE features, (c) FD features, and (d) TD
features.

time-varying conditions. A deep learning model was built and
trained to automatically select the impulse responses from massive vibration data in long-term running. And an algorithm was
introduced to identify the dynamic properties from the impulse
samples. Finally, based on the similarity between the dynamic
properties, a health index was used to indicate the slow and
gradual deterioration process of the machine tool. To validate
the proposed method, long-term experiment was carried out on
a CNC machine tool in an automobile factory. Massive data
were collected and analyzed, and the results showed that the
method can effectively indicate the health status of the machine
tool.
The uniqueness and contribution of this study are fourfold.
First, the dynamic properties were used for early fault detection in machine tools for the first time. Second, a deep learning
model was used to identify the dynamic properties, rather than
simply pattern recognition and classification of existing faults,
like most current deep learning models do. Third, the health
status of the machine tool under time-varying operation condition was diagnosed and monitored for the first time. Fourth,
this method was validated by actual industrial machining data
collected continuously in a time-span of 288 days.
For the future work, three possible directions are suggested
here. First, the prediction of the product quality using deep
learning methods can be further investigated. In this study, the
deep learning models successfully identified the health status
of the machine tool. However, the product quality of the machine tool is also highly interesting, thus needs further research.
Second, the optimal number of selected samples of impulse response needs further investigation to reach the balance between
efficiency and accuracy. Third, different deep learning models
can be investigated in early fault detection.
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