
Mech. Sci., 13, 803–815, 2022
https://doi.org/10.5194/ms-13-803-2022
© Author(s) 2022. This work is distributed under
the Creative Commons Attribution 4.0 License.

Milling chatter recognition based on dynamic and
wavelet packet decomposition

Miao Xie1, Xinli Yu1,2, Ze Ren1, and Yuqi Li1
1School of Mechanical Engineering, Liaoning Technical University, Fuxin 123000, China

2School of Mechanical Engineering, Liaoning Petrochemical University, Fushun 113001, China

Correspondence: Xinli Yu (yuxinli@lnpu.edu.cn)

Received: 5 August 2022 – Revised: 4 September 2022 – Accepted: 14 September 2022 – Published: 7 October 2022

Abstract. In metal milling, especially in the machining of low-stiffness workpieces, chatter is a key factor
affecting many aspects such as surface quality, machining efficiency, and tool life. In order to avoid chatter, a
milling chatter identification method based on dynamic wavelet packet decomposition (WPD) is proposed from
the perspective of signal processing. The dynamic characteristics of the system are obtained by a hammer test.
Based on the principle that the chatter frequency will reach a peak value near the natural frequency of the system,
the original milling force signal is decomposed by WPD, and the sub-signals containing rich chatter information
are selected for signal reconstruction. After numerical analysis and spectrum comparison, the reconstruction
scheme is proved to be robust. Then, the time–frequency domain image of the reconstructed signal and the
Hilbert spectrum feature are compared and analyzed to identify the chatter. Finally, the validity and reliability of
the proposed method for chatter recognition are verified by experiments.

1 Introduction

At present, scholars (Sun et al., 2022; Li et al., 2020, 2019)
have done a lot of in-depth research on the milling chat-
ter recognition. In the recognition process, the extraction of
chatter features is more important regardless of which signal
is chosen for milling chatter recognition (Qin et al., 2020).
For the collected signal, the relevant feature values can be
obtained by a time domain analysis. However, it is difficult
for some messy signals to be analyzed for any useful infor-
mation in the time domain space. Therefore, the conversion
of time domain signals to frequency domain signals, namely
Fourier transform, is proposed for chatter identification. This
is done according to the principle that when chatter occurs,
the chatter frequency will peak near the natural frequency of
the system, and the frequency spectrum can observe the oc-
currence of chatter. The formula of the Fourier transform is
as follows:

F (w)=

+∞∫
−∞

f (t)e−iwtdt. (1)

Because the Fourier transform is a global transform, it can-
not express the local time–frequency nature of the signal, and
the two groups of signals that differ greatly in the time do-
main have the same spectrogram. To obtain the variation in
frequency with time, a short-time Fourier transform (STFT)
is proposed. However, studies have shown that STFT has a
disadvantage in that the time resolution and frequency res-
olution cannot be achieved concurrently. Therefore, a time–
frequency analysis has been developed. By designing a joint
function of time and frequency, the energy density or inten-
sity of signals at different times and frequencies can be de-
scribed concurrently. The time–frequency local nature is the
most important feature of non-stationary signals.

In the study of time–frequency method of chatter recogni-
tion, Yao et al. (2010) proposed a two-dimensional eigenvec-
tor based on standard deviation and wavelet packet energy
ratio, and Cao et al. (2013) proposed chatter characteristics
based on the mean value and standard deviation of Hilbert–
Huang transform. However, empirical mode decomposition
(EMD) is prone to modal aliasing and thus affects the charac-
teristics. Qin et al. (2019) proposed a semi-analytical stabil-
ity prediction method for the milling process using a global
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interpolation scheme. Karam and Teti (2013) concluded the
process of the reconstructed signal and pointed out that the
signal characteristics cannot reliably achieve the online mon-
itoring of the chip shape. Litak et al. (2013) pointed out the
generation of high-frequency resonance through analyzing
the wavelet power spectrum based on the milling force when
the depth of cut was gradually changed in the process of In-
conel milling. Karam and Teti (2013) used the wavelet de-
composition signal for feature extraction and pattern recog-
nition. The experimental results show that the data feature
a vector analyzed by the wavelet packet change which can
improve the accuracy of the neural decision system to iden-
tify the chip shape. Wavelet decomposition has strong ro-
bustness, but the determination of the wavelet basis func-
tion lacks theoretical guidance. Niu et al. (2020) aim to pro-
pose a unified method to study the surface generation mech-
anism and to predict the machining quality for variable pitch
tools considering runout. Xia et al. (2021a) present an in-
telligent fault diagnosis framework for machinery based on
digital-twin-assisted (DT) and deep transfer learning. Fang
et al. (2011) pointed out that the cutting force increases with
tool wear based on the influence of different tool radii on
cutting force and vibration in the high-speed milling of In-
conel and pointed out the superiority of wavelet change in
analyzing the cutting vibration in a wide range of frequency
bands. Liu et al. (2021) applied fast kurtosis and frequency
band power to analyze the force signal of the milling pro-
cess to detect milling chatter. Experiments show that the
force signal has good sensitivity to chatter. Qin et al. (2022)
proposed a method for monitoring flutter in robotic drilling
based on the centralized velocity synchronous linear chirplet
transformation. Niu et al. (2021) proposed an efficient nu-
merical algorithm to accurately compute the dynamic re-
sponses. Based on the proposed dynamic model and numer-
ical algorithm, the stability limits and surface location error
(SLE) are finally obtained and experimentally validated on
two thin-walled plates using two variable pitch tools. Xia
et al. (2021b) proposed an improved stacked gated recur-
rent unit recurrent neural network (GRU-RNN) prediction
scheme. Ren et al. (2014) proposed a chatter identification
method based on wavelet packet change and kernel princi-
pal component analysis, which can achieve high accuracy
by measuring the milling force to detect normal milling and
chatter milling. At present, the force signal is recognized as
the best signal for chatter, but the force sensor is relatively
expensive and requires a higher installation location.

Modern signal processing methods are increasingly be-
ing used for chatter recognition. Rafal et al. (2015) used the
methods of recursive drawing and the Hilbert–Huang trans-
form to analyze force data, pointing out the importance of
feature selection in chatter recognition. Qian et al. (2015)
used energy as a feature for chatter recognition. However,
the energy characteristics are more sensitive, not only be-
cause the chatter cause the energy change but also because
the system dynamic characteristics cause the energy change.

Huang et al. (2013) analyzed force signals with different cut-
ting speeds during the milling of titanium alloys using the
following three methods: time domain, fast Fourier transform
(FFT), and wavelet transform. The frequency domain method
indicates the cutting speed during chatter, and the wavelet
analysis indicates that the detail factor d2 can be used to iden-
tify the cutting state. Lin and Wang (2011) used the relation-
ship between the extreme value and signal singularities of
wavelet transform modes to obtain the wear of cutting tools
by observing the information of the location of singularities,
proving the effectiveness of wavelet transform in detecting
tool wear.

Zhang et al. (2022) propose a supervised contrastive
learning-based domain adaptation network (SCLDAN) for a
cross-domain fault diagnosis of the rolling bearing.

Jemielniak et al. (2011) used wavelet transform for acous-
tic and force signals to achieve a tool cutting state recogni-
tion. It can be seen that the wavelet packet method has been
widely used for chattering recognition, but there is no unified
measure of how the signal after wavelet packet decomposi-
tion should be selected.

This paper proposes a scheme to identify milling chatter
by combining dynamic characteristics and wavelet packet de-
composition (WPD). In the field of machining, the effective
identification of chatter can improve the precision of preci-
sion work and the service life of the tool and spindle system
and then seek a combination of identification and suppression
to achieve the standard of chatter-free machining. In terms of
chatter detection, the scheme model proposed in this paper is
simple, easy to operate, and has strong robustness. However,
there are also some challenges in this research, such as the
time cost of modal testing is increased, and the technicians
are required to have certain expertise in the field.

The dynamic characteristics of the machine tool spindle
system directly affect the machining performance, but there
is no relevant literature to establish the relationship between
dynamic characteristics and chatter recognition. Therefore, a
new chatter recognition method is pointed out in which the
sub-signals containing chatter information are extracted for
signal recombination after the signal is decomposed and the
dynamic characteristics are obtained, and the correctness of
the method is verified by experiments.

2 Establishment of mathematical models

Wavelet transform has two variables, namely scale a (scale)
and translation τ (translation). The scale a controls the ex-
pansion and contraction of the wavelet function, and the
translation τ controls the translation of the wavelet function.
The scale corresponds to frequency (inversely proportional),
and the translation τ corresponds to time.

WT(a,τ )=
1
√
a

∞∫
−∞

f (t) ·ψ
(
t − τ

a

)
dt. (2)
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Assuming that ϕ (x) and ψ (x) are scale functions and
wavelet functions, respectively, the two scale equations are
as follows:

ϕ(x)=
√

2
∑
k

h0kϕ(2x− k) (3)

ψ(x)=
√

2
∑
k

h1kψ(2x− k). (4)

In the above formula, the parameter t belongs toR, k belongs
to Z, and h0k and h1k are the filter coefficients. We define the
recursive function as follows:

w2n(t)=
√

2
∑
k∈Z

h1kϕ(2x− k) (5)

w2n+1(t)=
√

2
∑
k∈Z

h1kϕ(2x− k). (6)

From the above formula, a set of functions {wn (t)}n∈Z with
a certain relationship can be defined. The set includes the
scale function w0 (t)= ϕ (x) and the wavelet mother func-
tion w1 (t)= ψ (x). Therefore, a wavelet packet can be de-
termined from this set. Extracting an orthonormal basis that
can form L2 (R) from the wavelet packet is called a wavelet
packet basis of L2 (R).

3 Construction of the experimental platform

The experimental equipment is a four-axis TH6560 machin-
ing center, and experiments are carried out under the condi-
tions of dry milling and up-cut milling. The workpiece ma-
terial is made of aluminum alloy 6061, which has excellent
processing performance and weldability and is widely used
in the aviation industry. Its size is 150× 150× 100 mm, and
the main alloying elements and composition contents and
mechanical properties are shown in Table 1. The process-
ing parameters are as follows: (a) the radial depth of the cut
is 0.1 mm, the axial depth of the cut is 3.0 mm, rotational
speed is 500 rpm (revolutions per minute), and the feed rate is
200 mm min−1, and (b) the radial depth of the cut is 1.2 mm,
and the axial depth of the cut is 0.2 mm, where the rotational
speed is 400 rpm, and the feed rate is 700 mm min−1. The
processing experimental platform is shown in Fig. 1.

According to the strength and hardness characteristics of
aluminum alloy, a carbide ball end milling cutter is selected;
its diameter isD = 10 mm, the cutter length is 154.7 mm, the
number of teeth is N = 4, and the helix angle is 30◦.

The measurement of the cutting force signal through the
force measuring Kistler 9257B means that the force in the
x, y, and z directions can be measured. The key to choosing
the sampling frequency is to estimate the highest frequency
of the signal. In order to obtain the cutting force in the fre-
quency range of 0–3500 Hz, according to the Nyquist sam-
pling theorem, the sampled signal will not be aliased, and
the frequency of the sampling point is set to fs= 7000 Hz.

Figure 1. Experimental platform.

Figure 2. Measurement of dynamic characteristics.

4 Measurement of dynamic characteristics

The hammering experiment of the tool and workpiece is
shown in Fig. 2. First, we fix the acceleration sensor on the
milling cutter of the machine tool spindle, try to place the
sticking position as close to the tool tip as possible so that
the acceleration sensor is within the effective signal sensing
range, and, at the same time, use the force hammer to excite
the tool at the corresponding position. The acceleration sen-
sor is pasted on the workpiece to be processed, and the work-
piece to be processed is stimulated by a force hammer. The
measured signal is transmitted to the data collector through
the acceleration sensor, and then the transfer function of the
system is calculated and analyzed by professional software.

The modal experiment is carried out on the tool, and the
frequency response functions of the tool in the x direction
and y direction are obtained, as shown in Fig. 3, and the
modal parameters corresponding to the x and y directions
of the tool are shown in Table 2. The frequency response
function of the workpiece is shown in Fig. 4, and the modal
parameters are shown in Table 3.

According to the basic information of the tool and the
workpiece obtained by the modal experiment, the relative
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Table 1. Main alloying elements and composition content of aluminum alloy 6061.

Alloy element Cu Si Fe Mn Mg Zn Cr Ti

Ingredient content (%) 0.15–0.4 0.4–0.8 0.7 0.15 0.8–1.2 0.25 0.04–0.35 0.15

Figure 3. Frequency response functions of the tool in the x and y directions.

Figure 4. Frequency response function of the workpiece.

transfer function of the tool and the workpiece can be ob-
tained. The amplitude–frequency characteristics of the tool
transfer function, the workpiece transfer function, and the
relative transfer function of the tool and the workpiece are
shown in Fig. 5.

According to Zhu and Liu (2020), it can be seen that the
mode of the workpiece is dominant when the frequency is
low, while the mode of the tool is dominant only when the
frequency is high. When the chatter stability is simulated and

analyzed, the tool–workpiece relative transfer function will
be used as an initial condition. It can be seen that the natural
frequencies of the machine tool system are 415, 1110, and
1880 Hz.

5 Wavelet analysis of cutting force signal

Usually, the frequency amplitude of the discrete periodic sig-
nal appears at the cutting frequency of the cutter teeth and
resonance of the frequency, but when there is self-excited
chatter, the frequency amplitude will appear near the natu-
ral frequency of the tool or the multiplier of the tooth pass.

The machine main frequency (SF) is as follows:

SF= n/60. (7)

The tool tooth pass frequency of the machine (TPF) is as
follows:

TPF= n ·N · z/60. (8)

Among them, z represents the number of channels collected
(the cutting forces in three directions of x, y, and z are col-
lected; z= 3).

It can be seen from Fig. 6 that the forced vibration occurs
because the cutting frequency of the milling force reaches
the excitation frequency of the machine tool, but the ampli-
tudes of other frequencies are all smaller than the cutting fre-
quency of the tooth, indicating that there is no chattering dur-
ing milling under this parameter.
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Table 2. Modal parameters of the tool.

Modal parameters x direction y direction

First-order natural frequency (Hz) 1100 1119
First-order stiffness (N m−1) 1.7995× 107 2.1808× 107

First-order damping ratio 4.77× 10−2 3.64× 10−2

Second-order natural frequency (Hz) 1880 1889
Second-order stiffness (N m−1) 5.7104× 107 9.253× 107

Second-order damping ratio 3.99× 10−2 2.65× 10−2

Figure 5. Comparison of the amplitude–frequency characteristics of the three functions.

Table 3. Modal parameters of workpiece.

Modal parameters value

First-order natural frequency (Hz) 415
First-order stiffness (N m−1) 2.1592× 106

First-order damping ratio 0.0373

5.1 Wavelet packet decomposition and signal
reconstruction

The demy wavelet basis function is used to denoise the
milling force signal, the number of decomposition layers is
three, and the sampling frequency is 7000 Hz. Figure 7 shows
the process of wavelet decomposition of the signal. After the
original signal is decomposed by the wavelet packet, fre-
quency bands such as a4, a5, a6, a7, d4, d5, d6, and d7 are
formed.

Figure 8 shows the high-frequency coefficients and low-
frequency coefficients in the wavelet decomposition process,

and the low-frequency coefficients are shown in Fig. 8a, and
the high-frequency coefficients are shown in Fig. 8b.

It can be seen from the figure that the original signal Fx is
composed of low-frequency coefficients and high-frequency
coefficients, and the low-frequency coefficients reflect its real
signal. a4–a7 are low-frequency coefficients in the frequency
band (0–1750 Hz), and d4–d7 are high-frequency coefficients
in the frequency band (1750–3500 Hz).

According to the principle that the chatter frequency will
peak near the natural frequency of the machine tool system,
the signal reconstruction of the third-layer wavelet packet
node is carried out. According to the principle that the fre-
quency range contains the natural frequency of the system,
the third-layer wavelet packet node is selected. To sum up,
we select a4 (0–437.5 Hz) and a6 (875–1312.5 Hz) in the
low-frequency part and d4 (1750–2187.5 Hz) in the high-
frequency part for signal reconstruction. We then perform a
time domain and frequency domain comparative analysis of
the original signal and the reconstructed signal, as shown in
Fig. 9.

https://doi.org/10.5194/ms-13-803-2022 Mech. Sci., 13, 803–815, 2022
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Figure 6. FFT of the cutting force signal under working condition a.

Figure 7. Wavelet packet decomposition process.

Table 4. Numerical analysis of raw and reconstructed signals.

Raw signal Reconstructed signal

Mean −20.3196 −20.3189
Var. 1.6781× 103 1.5749× 103

Standard deviation 40.9656 38.7354
Correlation coefficient 0.8329

As can be seen from Fig. 9, signal reconstruction using
wavelet packet decomposition can not only extract rich chat-
ter information but also achieve noise reduction in the origi-
nal signal. In order to further verify the accuracy of the recon-
struction scheme, the numerical features of the original sig-
nal and the reconstructed signal are analyzed here, as shown
in Table 4.

Combining Table 4 and Fig. 9, it can be seen that the re-
construction scheme is effective, a large amount of informa-
tion related to the raw signal is retained in the reconstructed
signal, and the correlation coefficient reflects that the corre-
lation degree of the two sets of signals is strongly correlated.
Therefore, this scheme can be used to extract sub-signals rich
in chatter information.

In order to further verify the effectiveness of the pro-
posed method, a Hilbert transform is performed on the three-
segment signals a4, a6, and d4, respectively, and the fre-
quency changes with time are analyzed.

Figures 10, 11, and 12 are the Hilbert spectra of the three
frequency bands a4, a6, and d4, respectively. In Fig. 10, the
natural frequency of the system is dominated by the natural
frequency of the workpiece, which is 415 Hz. In the chat-
ter part, it can be seen that its frequencies are all around the
natural frequency of the workpiece. In Fig. 11, the natural
frequency of the system is dominated by the first-order mode
of the tool, which has a value of 1100 Hz. In the chatter part,
it can be seen that its frequencies are all near the first-order
mode of the tool. In Fig. 12, the natural frequency of the sys-
tem is dominated by the second mode of the tool, and its
value is 1880 Hz. In the chatter part, it can be seen that its
frequencies are all near the second-order mode of the tool.

From this, it can be concluded that, when the natural fre-
quency of the machine tool system is determined, the occur-
rence of the chatter vibration can be judged according to the
principle that the amplitude of the chatter vibration frequency
will have a peak value near the natural frequency of the ma-
chine tool system.

Mech. Sci., 13, 803–815, 2022 https://doi.org/10.5194/ms-13-803-2022
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Figure 8. Decomposition diagram of wavelet coefficients.

5.2 Chatter identification analysis and results

Chatter is a self-excited vibration of the tool whose frequency
is not equal to the intrinsic frequency of the structure because
the characteristic equation during cutting has an additional
term in addition to the structural transfer function. However,
the chattering frequency is still very close to the intrinsic fre-
quency of the structure (Altintas and Ber, 2001). Based on
the chatter identification method presented in the previous
section, a comparative analysis of the two machining states,
steady and chattering, is presented in Fig. 13.

The above two sets of cutting force signals were decom-
posed by wavelet packets and reconstructed based on the in-
herent frequency of the system. The wavelet packet decom-
position is based on the demy basis function, the number of
decomposition layers is three, and the sampling frequency
is 7000 Hz. Figure 14 shows the time domain and frequency

domain comparison between the original and reconstructed
signals for the two processing states.

Figure 15 shows the comparative analysis of two groups of
cutting force signals in the time domain, power spectral den-
sity, and time–frequency domain. First, when the machining
state is analyzed from the perspective of the time domain di-
agram, the amplitude will always tend to be smooth, and its
value will always fluctuate within a certain range, but it is not
exactly accurate to rely merely on the time domain judgment,
which involves a large number of human judgment factors
and interference from noise factors. Further frequency do-
main analysis is carried out based on the characteristic that
the chattering frequency will peak around the intrinsic fre-
quency of the system, which is the basis of this work. In the
plot of the power spectrum density for steady and chattering,
the intrinsic frequency band of the machine tool system has
been labeled, and it is clear that, when chattering occurs, the
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Figure 9. Raw signal and reconstructed signal.

Figure 10. Time–frequency analysis of the a4 frequency segment.

power spectrum density is greater in the intrinsic frequency
band, and there are fluctuations in the power spectrum within
that frequency band. At stable state, however, the density is
less in the natural frequency band of the machine tool system
and tends to plateau in this frequency band.

From a time–frequency domain analysis, this is more evi-
dent in its steady state and chattering states. As can be seen
in Fig. 15, the main frequency bands of the system are all
around the intrinsic frequency band; however, when chatter-
ing occurs, the power in the frequency band around the in-
trinsic frequency increases, which verifies that the chattering
frequency occurs around the natural frequency of the system.

Figure 15 analyzes the time–frequency domain character-
istics of the cutting force signals in the two machining states
after the wavelet packet decomposition reconstruction. Due
to the dynamic characteristics of the machine tool system,

the natural frequency of the machine tool system is not iden-
tical at different machining moments. Although in Fig. 15
can roughly analyze the frequency distribution of the stable
and chatter states, it is not detailed enough.

To further verify the solution’s feasibility, three sets of
sub-signals near the intrinsic frequency band are now ana-
lyzed individually for comparison. Figures 16, 17, and 18
show the Hilbert spectra of the sub-signals near the natural
frequency of the system for the steady and chattering states.
It can be seen in the figures that, when chattering occurs,
there is an increase in the density of the Hilbert spectrum for
the band containing the machine’s natural frequencies.

Mech. Sci., 13, 803–815, 2022 https://doi.org/10.5194/ms-13-803-2022



M. Xie et al.: Milling chatter recognition based on dynamic and wavelet packet decomposition 811

Figure 11. Time–frequency analysis of the a6 frequency segment.

Figure 12. Time–frequency analysis of the d4 frequency segment.

Figure 13. Time and frequency domain analysis of two processing states.
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Figure 14. Time and frequency domain analysis of raw and reconstructed signals.

Figure 15. Time–frequency domain analysis under stable and chatter processing conditions.
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Figure 16. The a4 frequency band.

Figure 17. The a6 frequency band.

Figure 18. The d4 frequency band.
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6 Conclusion

In this paper, milling chatter identification is carried out
based on dynamic features and wavelet packets. By measur-
ing the dynamic characteristics of the system, it provides a
basis for effectively extracting sub-signals with rich infor-
mation and establishes the relationship between the dynamic
characteristics of the machine tool spindle system and chat-
ter identification. After obtaining the dynamic characteris-
tics, sub-signals containing chatter information are extracted
for signal reconstruction, and the accuracy of the recon-
struction scheme is verified by numerical analysis and time–
frequency domain images. Experimental results show that
this scheme can effectively identify milling chatter. Based
on the results obtained in this paper, future work will focus
on the automatic extraction technology of chatter features,
synchronously collecting different physical signals, extract-
ing multiple chatter features, and fusing to identify chatter.
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