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Abstract
During the gear hobbing machine process, the hob performance degradation assessment is significant for optimizing the 
tool changing frequency and improving machining efficiency. It is challenging to recognize hob wear state through vibration 
analysis and signal processing. Especially in the condition of intense vibration and noise interference, extracting signal fea-
tures that reflect the wear state is challenging work. This paper proposes a feature extraction method called Cyclic Statistical 
Energy (CSE) to obtain the hob wear characteristics by tracking the sensitive frequency band. For the method, the vibration 
signal model of hob spindle is established first based on the vibration-generation mechanism of the machining process. Then, 
an index E is proposed to track the wear resonance frequency band of the vibration signal. Furthermore, the cyclic statistical 
order is analyzed and discussed. The hob performance degradation assessment can be realized by analyzing the energy index 
E with time variation. The experimental setup has been designed, and the two tests have been conducted in the production 
line: (1) impact hammer test and (2) hob whole life cutting test. The impact hammer test is set to obtain the modal parameters 
of the hob. Based on this, the whole life cutting test is designed and realized by which the vibration data of whole life with 
different wear states can be acquired. The proposed method CSE is successfully applied into online industry experiments 
test. The results show that the proposed method can give a more accurate performance degradation assessment curve for tool 
condition monitoring compared with traditional methods such as Wavelet Packet Decomposition (WPD).

Keywords Performance degradation assessment · Signal modeling · Hob · Whole life analysis · Wear state

1 Introduction

Tool is one of the most important and most commonly used 
elements in the industrial machining process. The tool wear 
state has a significant influence on the quality of the finished 
workpiece. By monitoring tool wear conditions in real time, 
changing tools in advance can be realized [1]. It is benefi-
cial to reduce maintenance costs and improve machining 
processing efficiency [2]. Therefore, it is necessary to study 
how to accurately recognize the tool wear state. By now, 
the tool condition monitoring method has been studied by 
many scholars.

Vibration signal is one of the common signals and it can 
be used to continuously monitor the machining process. In 
terms of vibration signal modeling, Zhou et al. [3] studied 
the dynamic characteristics of hob spindle by establishing 
the vibration balance equation of hob spindle and derived 
the calculation formulas of the vibration displacement in 
different directions.

Various approaches have been proposed for Tool Condi-
tion Monitoring (TCM) by numerous researchers in the past 
years. Bukkapatnam et al. [4] established a recurrent neural 
network based on chaos theory and neural networks for flank 
wear estimation. More importantly, it provides a new direc-
tion for future research in degradation assessment. Zhu et al. 
[5] analyzed the machining sensor signals using WPD for 
TCM. The result showed that the Root Mean Square (RMS) 
value is related to the tool wear. They extracted some energy 
values related to tool wear states for each frequency band 
and took them as input vectors for the tool state classifica-
tion. Li et al. [6] proposed a v-support vector regression 
(v-SVR)-based model for monitoring tool wear. The result 
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has shown that the proposed method has a higher predicted 
accuracy reaching up to 96.76%. Zhu et al. [7] developed 
an improved hidden semi-Markov Model (HSMM) based 
on cutting force signals with dependent durations, leading 
to higher accuracy of tool wear monitoring model in high 
speed milling. Zhou et al. [8, 9] employed machine learning 
to realize TCM of milling process. The experimental results 
both showed an effectively monitoring result. Acoustic sig-
nals and cutting force signals were analyzed respectively. In 
[8], a two-layer angle kernel extreme learning (TAKELM) 
modal was constructed. The predicted results of wear values 
are almost consistent with the actual. In [9], a multi-scale 
edge-labeling graph neural network is proposed with small 
samples analysis, which can solve the problem of sample 
insufficiency. Zhu et al. [10] combined numerical simula-
tion and a Generative Adversarial network (GAN) to obtain 
a large dataset. Then, the dataset is sent to AI classifiers. 
And the results presented strong classification performance.

In this paper, acceleration signal is selected as the moni-
tored signal. Because of continuous cutting on workpiece 
in the machining process, the vibration signal energy gen-
erated by impact gradually increases with the tool wear 
increases. Therefore, the vibration signal is highly sensitive 
to tool wear conditions [11]. While in the present study of 
tool wear assessment method, internal relations and change 
rules between vibration signals and tool wear state is not 
described clearly. In this paper, a hob performance degrada-
tion assessment method based on CSE will be investigated 
on the foundation of theoretical model and experiments.

This paper has been organized in the following way. Sec-
tion 1 presents the relevant work. The methods used for 
TCM are reviewed. Section 2 exhibits the hob spindle vibra-
tion signal model, which is based on the vibration response 
model and the periodic impulse model. In Section 3, the 
CSE is proposed and the order of cyclic statical is discussed. 
In Section 4, the impact hammer test and hob whole life 
cutting test is carried out to acquire the acceleration signals. 
And then, an analysis of data using CSE and WPD is per-
formed to validate the effectiveness of the proposed method. 
Finally, conclusions are put forward in the final section.

2  Modeling of hob spindle vibration signal

The hob spindle vibration signal model provides a theo-
retical basis for the study of hob performance degradation 
assessment. Therefore, the accuracy of the model has a 
significant impact on the effectiveness of the assessment 
method. The mechanical vibration of the hob is mainly 
caused by the hobbing process. During operation, the cut-
ting tool rotates continuously and rapidly with the spindle. 
The hob meshes with the workpiece to generate a gear 
tooth profile. Figures 1 and 2 show the diagram of the gear 

hobbing process. The periodic impulse is produced by the 
relative movement between tool and workpiece. At the time 
of contact, the impact is generated. When the cutting force 
act on the tool leads to vibration at its natural frequency, the 
resonant vibration occurs, and the amplitude of vibration 
response increases significantly [11]. The signal is analyzed 
and processed to recognize the hob wear state. Therefore, 
the hob spindle vibration signal model is established in this 
section based on the vibration response model and periodic 
impulse model.

There are some pre-conditions before modeling:

1) The hob is set on a rigid shaft. The machining process 
is considered an ideal cutting process. The hob with a 

Fig. 1  Diagram of gear hobbing process

Fig. 2  Schematic diagram of gear hobbing impact
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rigid shaft has a first critical speed that is higher than 
the operating speed. The effect of shaft deformation on 
vibration can be neglected in working condition.

2) It is assumed that the tool is well lubricated. The 
machining process leads to an increase in temperature 
caused by friction. The lubrication system can limit the 
temperature rise and reduce wear and tear. It can meet 
the heat dissipation requirement so that friction has a 
little effect on vibration.

3) The mass of the hob can be ignored in the signal model. 
In the proposed signal model, the mass of the rotor sys-
tem is not taken into consideration.

4) It is assumed that the motor’s output power is constant, 
and it is sufficient to undertake the maximum load of the 
working process. The speed of the hob is constant. The 
influence of drive motor characteristics on the vibration 
is neglected.

5) The effect of shaft bending deformation and axial defor-
mation on the vibration is neglected.

2.1  Vibration response model of hob spindle system

According to the structure of the hob, a hob can be simpli-
fied to a simply supported beam. A series of impulses can 
be used to simulate the periodic cutting force. Figure 3 
shows a simplified schematic of the dynamic model of the 
hob. In Fig. 3, a three-dimensional coordinate system is 
established. Its origin is set on one of the pivot points of 
the beam. The Ys-axis coincides with the hob axis. The 
Zw-axis and Xw-axis are along the radial of the hob.

As shown in Fig.  2, the cutting forces are mainly 
derived from the relative motion of tool teeth and work-
piece. The time interval of force is shown in Fig. 4. A 
series of transient loads can be expressed by the following 
equation mathematically, namely the Dirac comb function:

where δ(t) is the impulse series symbol; T0 is the period 
of an impulse, and it is related to the hobbing mesh fre-
quency. Because the sudden force acts for an infinitely short 

(1)�(t) = {
1, t = kT0(k = 0, 1, 2,…)

0, else

Fig. 3  Dynamic model of hob

Fig. 4  Schematic diagram of 
unit impulse
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time, the hob vibration can be regarded as a weakly damped 
oscillation.

According to Newton’s Second Law of Motion, the differ-
ential equation of motion for hob spindle during the dynamic 
hobbing process can be established as Eq. (2) [12]:

where m, c, and k represent the equivalent mass, damping 
coefficient, and stiffness factor of the hob. h is the vibration 
displacement; δ(t) is the transient cutting force of gear hob-
bing, that is, the Dirac comb function.

The detailed procedure for solving Eq. (2) is listed as 
follows:

Set c∕m = 2n, k∕m = (2�fn)
2 = �n

2 , Eq. (2) is equivalent 
to Eq. (3):

where �n is known as the natural angular frequency of the 
system, which is in the unit of rad/s. It also can be called the 
natural frequency or the resonance frequency. Moreover. �n 
is related to the parameters of the system only, such as m and 
k, not to the initial conditions. fn is the intrinsic frequency of 
the system, which is in the unit of Hz.

When the system is free of impulsive force, i.e., δ(t) = 0, 
the equation above becomes:

Equation (4) is a second-order, linear differential equa-
tion. Set its solution as h = Aest and substitute the solution 
into Eq. (4). The characteristic equation can be obtained:

The characteristic root of Eq. (5) is solved as:

In the underdamped case, n < 𝜔n . Thus, the two roots of 
s can be expressed as:

in Eq. (7),

where fd is called the damped natural frequency, which is 
in the unit of Hz. ξ is the damping ratio of the system. The 
solution for Eq. (4) is:

(2)mḧ + cḣ + kh = 𝛿(t)

(3)ḧ + 2nḣ + (2𝜋fn)
2h =

1

m
𝛿(t)

(4)ḧ + 2nḣ + (2𝜋fn)
2h = 0

(5)s2 + 2ns + (2�fn)
2 = 0

(6)s = −n ±

√
n2 − (2�fn)

2

(7)s1,2 = −n ± j

√
(2�fn)

2 − n2 = −n ± j(2�fd)

(8)j =
√
−1, fd = fn

√
1 − �2, � =

c

2
√
mk

(9)h = e−nt(C1e
j2�fd t + C2e

−j2�fd t)

According to Euler’s formula,

Equation (9) can be written as:

or

At the moment of sudden force action (t = t0 → t0+), the 
acceleration is ḧ0 =

1

m
𝛿(t) . The velocity ḣ0 and displacement 

h0 after the impulse can be calculated as follows:

Substitute Eq. (14) and Eq. (15) into the previous equa-
tion, and the solution can be expressed as:

or

Equation (18) is called the unit impulse response func-
tion, which is a quasi-periodic function.

The unit impulse response curve of the hob is shown in 
Fig. 5. It can be seen that the weak damping free vibration 
is a reduced amplitude reciprocating motion rather than a 
strictly periodic vibration. It is called quasi-periodic vibra-
tion. The period of oscillation is:

2.2  Periodic impulse model

The value of cutting force in gear machining is related to 
tool material, machining parameters, geometric dimension-
ing, etc. [13]. It can be calculated as Eq. (20), which is an 

(10)sin(2�fdt) =
1

2j
(ej2�fdt − e−j2�fdt)

(11)cos(2�fdt) =
1

2
(ej2�fdt + e−j2�fdt)

(12)h = e−nt(C3cos(2�fdt) + C4sin(2�fdt))

(13)h = Ae−ntsin(2�fdt + �1)

(14)ḣ0 = ∫
t0
+

t0

ḧdt = ∫
t0
+

t0

1

m
𝛿(t)dt =

1

m

(15)h0 = ∫
t0
+

t0

ḣdt = ∫
t0
+

t0

1

m
dt = 0

(16)A0 =
1

m2�fd

(17)h(t) = A0e
−ntsin(2�fdt + �2)

(18)h(t) =
1

m2�fn

√
1 − �2

e−�2�fntsin(2�fn

√
1 − �2t + �2)

(19)Td =
1

fd
=

1

fn

√
1 − �2
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empirical formula obtained from a large number of tests 
[14].

where Mn is the normal module (mm); Sa is the axial feed 
rate (mm/r); T is the cutting depth (mm) (T = t/2.25Mn, t is 
the feed depth.); V is the cutting speed (m/min); i is the num-
ber of hob grooves; Cw is the workpiece material coefficient; 
B is the hob coefficient (B = R/Mn, R is the hob radius.); X 
is the tooth shape correction factor; Z is the number of the 
workpiece teeth; β is the helix angle; Cg is the coefficient of 
the hob threads number.

The mass eccentricity of hob is common in the gear hob-
bing process. It is mainly caused by misalignment, dimen-
sion error of machining, hob wear degree, and so on. It has 
an influence on the cutting force. The cutting force is not a 
constant value. It can be expressed as follows:

where fr is the hobbing frequency; λ is the volatility factor.

(20)

Q =
2000Mn

0.95Sa
0.8T0.15e0.012�Cg

V0.28i0.7B0.6
e0.65XZ

−0.35

CW × 9.8(N)

(21)Q
�

= Q(1 + �cos(2�frt + �3)

In the hobbing process, the load applied to the hob is mainly 
from the cutting force. The cutting force in Z direction can be 
expressed as:

where αn is the nominal pressure angle.
Therefore, the force applied to hob in Z direction can be 

expressed as Eq. (23). It is shown in Fig. 6.

The periodic impulse can be derived by multiplying the 
unit impulse �(t) and the cutting force in Z direction A(t) , as 
shown in Fig. 7:

(22)Qz = Q
�

sin�n

(23)A(t) = Qsin�n(1 + �cos(2�frt + �3))

(24)f (t) = A(t) ⋅ �(t)
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Fig. 5  Unit impulse response curve

Fig. 6  Schematic diagram of the 
load of hob in Z direction
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Fig. 7  Schematic diagram of periodic impulse
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2.3  Hob spindle vibration signal model

The vibration signal of hob spindle is modeled as the super-
position of repetitive damped oscillation signals. The con-
volution of the two models presented above can be used to 
express the hob spindle vibration signal. The expression is 
listed as follows [15]:

where symbol “*” denotes the convolution operation. Then, 
substitute Eqs. (1), (23), and (24) into Eq. (25). The calcu-
lated expression for the hob vibration signal can be obtained 
as follows:

By combining the above derivation process, the simulated 
signal model of hob spindle can be obtained as follows:

In this equation, x(t) is the analog vibration signal shown 
in Fig. 8; h(t) is the unit impulse response model; n(t) is the 
fixed noise signal; A(t) is the impact amplitude; T0 is the 
minimum pulse period. τi is the slight fluctuation of the ith 
impact relative to the mean period T0.

The following are some points about the simulated signal 
to be discussed:

1) As shown in Fig. 8, the hob vibration signal is nonlin-
ear and nonstationary. It displays an apparent periodic 
alternating variation because of the interrupted cutting 
process.

(25)

x(t) = [A(t) ⋅ �(t)] ∗ h(t) = ∫
+∞

−∞

[A(t) ⋅ �(t)]h(t − �)d�

(26)
x(t) = [Qsin�n + Fmcos(2�frt + �3)] ⋅ �(t) ∗ h(t)

= ∫ +∞

−∞
[Qsin�n + Fmcos(2�frt + �3)] ⋅ �(t)h(t − �)d�

(27)

⎧⎪⎨⎪⎩

x(t) =
∑N

i=1
A(t) ⋅ h

�
t − iT0 − �i

�
+ n(t)

A(t) = Qsin�n
�
1 + �cos

�
2�frt + �3

��
h(t) = A0e

−�2�fntsin
�
2�fdt + �2

�

2) A single impulse response represents a single collision 
between hob tooth and gear.

3) The middle of two peaks contains two parts. One is the 
impulse response caused by impact. The other one is 
forced vibration, which is caused by the continuous hob-
bing excitation.

4) The interval between two pulses represents the time 
interval between two adjacent hob teeth and workpiece, 
which is related to the speed and number of hob grooves. 
It can be calculated as follows:

where nh is the spindle rotational speed in unit of rpm.

3  Cyclic Statistical Energy (CSE) method

The Root Mean Square (RMS) value is usually applied 
for condition monitoring of rotating machines, which can 
reflect the energy and amplitude of a monitored signal 
in the time domain [16]. Nevertheless, it is not sensitive 
enough for early wear [17]. In the TCM tests, the spec-
trum of the acquired signals differs when the tool is in 
different wear states. Therefore, processing signals in fre-
quency domain is helpful for tool wear state recognition. 
An increase in hob wear causes worse surface roughness 
and accuracy of the workpiece. The energy of the vibration 
signals gradually increases with the hob wear increase as 
well [18]. Therefore, the CSE is proposed based on impact 
energy.

(28)f =
nh × i

60

Fig. 8  Vibration simulation 
signal of hob spindle

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time/ s

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

Am
pl

itu
de

2108 The International Journal of Advanced Manufacturing Technology (2023) 125:2103–2120



1 3

3.1  Performance degradation method based 
on cyclic statistical energy sequence

3.1.1  Discrete Fourier transform (DFT)

Spectral analysis is widely used in engineering testing, 
such as gear machine fault diagnosis, sensor signals 
denoising, etc. Its essence is to transform the waveform of 
the signal in the time domain into the frequency spectrum 
in the frequency domain, so as to quantitatively explain 
the information of the signal. Fourier transform is a spec-
tral analysis method to decompose a time domain signal 
and expand it by frequency, making it a function in fre-
quency. In this way, the signal can be studied and analyzed 
in frequency domain. The Fourier transform is shown in 
Eq. (29) and the inverse Fourier transform is shown in 
Eq. (30).

where F(�) is a continuous spectral function of f (t) and 
generally, it is a complex function that can be written 
as:F(�) = |F(�)|e−j�(�) ; f (t) is a time-domain non-periodic 
signal; ω is the angular frequency.

Since the acquisition equipment has a sampling period, 
the acquired signals are discrete. Also, there is a fast and 
effective algorithm for calculating discrete Fourier. There-
fore, discrete Fourier transform (DFT) plays a central role 
in various digital signal processing algorithms. It has 
a wide range of applications in signal processing. The 
DFT is the Fourier transform discretized in the frequency 
domain. The DFT is defined as Eq. (31), and the inverse 
discrete Fourier transform is defined as Eq. (32):

In this equation, N is the number of samples; n is the 
sequence number of discrete values in the time domain; k 
is the sequence number of discrete values in the frequency 
domain.

Set xn as a discrete-time signal of N samples long. 
The discrete Fourier transform is performed on xn that is 
acquired during the monitoring test. The complex signal 
sk can be calculated as follows:

(29)F(�) = ∫
+∞

−∞

f (t)e−j�tdt

(30)f (t) =
1

2�∫
+∞

−∞

F(�)e−j�td�

(31)X(k) =

N−1∑
n=0

x(n)e−
2j�kn

N (k = 0, 1, 2,… ,N − 1)

(32)x(n) =
1

N

N−1∑
k=0

X(k)e−
2j�kn

N (n = 0, 1, 2, ...,N − 1)

3.1.2  Short time interception

Analysis of the intercepted short sequence segment of signals 
can improve the identification of partial features. Set the cyclic 
statistical order n as the length of the subsequence. The dis-
crete sequence sk is intercepted by slipping. Thus, the cyclic 
statistical sequence can be acquired:

where yi is the discrete subsequence obtained by the ith slip 
interception.

3.1.3  Obtain the index E

From the above sequence, a circular statistical matrix can be 
defined as follows:

The circular statistical energy matrix (CSEM) can be 
defined as follows:

Extract the main diagonal elements of CSEM obtained from 
Eq. (36) and construct the cyclic statistical energy sequence R:

Ri is the ith element of the matrix R. Sii is the element of the 
ith row and the ith column of the matrix S. The optimal cyclic 
statistical energy sequence is:

The following equation proposes an index E for assessing 
the degradation degree of hob performance, based on the opti-
mal cyclic statistical energy sequence:

3.2  Determination of the order of cyclic statistics

With the hob wear increase, the impact will stimulate more 
high-frequency signals. It is important to track the energy 

(33)sk =

N∑
n=1

xne
−

2j�kn

N (k = 1,… ,N)

(34)yi = si,si+1,si+2,...,si+n−1

(35)V = [

y1
…

yi+1
…

yN−n+1

] = [

s1 s2 … sn−1 sn
… … … … …

si+1 si+2 … si+n−1 si+n
… … … … …

sN−n+1 sN−n+2 … sN−1 sN

]

(36)S = V ⋅ VT

(37)Ri = Sii(i = 1, 2, 3,⋯ I, I = N − n + 1)

(38)Rh = max{Ri, (i = 1, 2, 3,⋯ I, I = N − n + 1)}

(39)E =

√√√√1

n

h+n∑
k=h+1

s2
k
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concentration frequency band because it contains mostly 
wear information. The CSE is proposed from the perspec-
tive of frequency band energy. The tool wear characteristics 
are quantified by comparing the energy of different vibration 
signals in the energy concentration frequency band. There-
fore, set the bandwidth of the energy concentration band as 
the cyclic statistical order.

In this paper, the half-power bandwidth method is used 
to determine the range of the energy concentration band. 
Firstly, the maximum value |X(�n)| can be easily found in the 
vibration signal spectrogram. The two half-power frequency 
points can be calculated as:

Then the expression for the cyclic statistical bandwidth 
Bw can be written as Eq. (41) by assuming that 𝜔2 > 𝜔1:

The expression for frequency resolution p is as follows:

where N is the number of samples and fs is the sampling 
frequency. An expression for the cyclic statistical order n 
can be obtained as:

(40)�X(�1)�=�X(�2)� = 1√
2
�X(�)�

(41)Bw = �2 − �1

(42)p =
fs

N

Based on the calculations proposed above, the following 
points can be made about the order of the cyclic statistics:

1) The order of cyclic statistics is determined by the sam-
pling frequency and the bandwidth of cyclic statistics. 
The higher the sampling frequency, the smaller the order 
of cyclic statistics.

2) When the parameter n is too large, it will lead to an 
increase in computation. Whereas when the parameter 
n is too small, it may lead to a decrease in recognition 
accuracy to extract the fault features.

Therefore, a reasonable cyclic statistical order n is the 
basis for constructing an optimal cyclic statistical energy 
sequence. It has an important impact on the assessment of 
the degree of hob performance degradation.

Based on the analysis above, the flow chart of the CSE is 
shown in Fig. 9.

(43)n =
Bw

p

Fig. 9  The flow chart of CSE
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4  Experimental validation and verification

4.1  Experimental setup

To validate the effectiveness of the proposed CSE, the 
experiment for gear hobbing machining is carried out. The 
validation experiment consists of two parts: (1) impact 
hammer test and (2) hob whole life cutting test. Firstly, the 
modal parameters of the hob spindle can be acquired by 
the impact hammer test. Thus, the cyclic statistical order n 
can be determined. Secondly, the cutting vibration signals 
of a hob in different wear states were acquired in the hob 
whole life cutting test.

The hobbing test is carried out in a production site for 
automobile gear manufacturing in Shuanghuan Transmis-
sion Stock Company on a CNC machining center YDA313. 
The picture of equipmental setup is shown in Fig. 10. The 
workpiece is machined by the hob, and the parameters of 
machined gear are listed in Table 1. The characteristics of 
the tool used for two tests are illustrated in Table 2. A modal 
hammer is used to hit the hob to get the modal parameters, 
which is shown in Fig. 11. The schematic diagram of the 
experimental setup is shown in Fig. 12.

In order to monitor the tool condition, the vibration sig-
nals are measured by a CA-YD-1182 accelerometer. The 
accelerometer is mounted on the non-rotating part of hob 
spindle by magnetic attachment. It is oriented along the Z 
direction. And the sampling system is set to 12.8 kHz. The 

Fig. 10  Experimental equipment. a Hob. b The experimental platform for hobbing. c Data acquisition system. d Hobbing machine

Table 1  Geometry of the gear

Part name Number of gear teeth Material brand Dedendum circle diameter 
(mm)

Common normal line (mm) Gear module Helix angle

Counter shaft 17 ZF7B 71.7 48.824 4.5 16.5°
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data acquisition system consists of a data acquisition card, 
data acquisition software, and a personal computer (PC). 
The data acquisition card NI-9234 transfers the acceleration 
signals collected by the sensor to the PC. Then, the collected 
signals can be displayed in real time and stored stably by the 
data acquisition software.

4.2  Experiment 1: impact hammer test

4.2.1  Data acquisition

The impact hammer excitation method is adopted to obtain 
dynamic characteristics of the hob. An impact hammer 
test is applied on the tool tip in Z direction to measure the 
modal parameters of the spindle. The hitting point is shown 

in Fig. 10(a). The impact hammer was applied vertically at 
the knocking point, and the force is excited by the hammer 
within a very short time. Then, the response signals gener-
ated by impact are obtained by the accelerometer mounted 
on the hob spindle. The data length is 0.05 s and there are 
640 sampling points. The testing signals in the time and 
frequency domain are shown in Fig. 13(a) and (b), respec-
tively. As can be seen in Fig. 13, the resonant peak is near 
1000 Hz, where the energy of the hob vibration signals is 
concentrated.

4.2.2  Signal analysis

To explore more about the dynamic characteristics of 
the hob during the gear cutting process, it is necessary to 

Table 2  Characteristics of the tool

Model number Number of hob grooves Outer diameter (mm) Module Max speed of rotation (rpm) Lubricating method

GM58125.II-03–001 11 80 4.5 400 (rough machining)/420 (finish 
machining)

Dry cutting

Fig. 11  Modal hammer

Fig. 12  Schematic diagram of the experimental setup
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determine the energy concentration frequency band of the 
vibration signal specifically. The corresponding frequency 
at half power is about:

The cyclic statistical bandwidth Bw is:

The frequency resolution p1 of modal test vibration sig-
nals is:

4.3  Experiment 2: hob whole life cutting test

4.3.1  Data acquisition

A new hob is used for machining to ensure the accuracy of 
the test. During the whole cutting tool life cycle, 144 gears 
were machined with the hob. Figure 14 represents micro-
scopic photographs of the gears machined by the bob in the 
different wear states. It can be seen that the gears accuracy 
decreases with the hob wear increases. To investigate the 
development of the wear state, the vibration signals were 
acquired in the cutting process by the equipment shown in 
Fig. 10. A set of data was collected for each workpiece. 
The sampling frequency of the vibration signal is 12.8 kHz. 
To characterize the hobbing process well, 64000 sampling 

(44)�1 = 923Hz; �2 = 1073Hz

(45)Bw=�2 − �1 = 1073 − 923 = 150Hz

(46)p1 =
fs

N
=

12800

640
= 20

points for each set of data in the stable stage is selected as 
initial data. And the data length is 5 s. The total data length 
is calculated as: 64000 × 144 = 9216000 . This information 
is listed in Table 3.

The collected hob spindle acceleration signals are ana-
lyzed with time and frequency domain analysis. Figures 15 
and 16 show the vibration time-domain signal and the vibra-
tion signal spectrum when the hob is in the state of initial 
wear, normal wear, and severe wear, respectively.

The hob spindle rotates at a constant rotational speed of 
400 rpm. The corresponding rotational frequency can be cal-
culated as: 400 ÷ 60 = 6.67Hz . The number of hob grooves 
is 13. So the corresponding hob meshing frequency can be 
found in the frequency domain diagram: 6.67 × 13 = 86.7Hz . 
And the corresponding cutting time for each tooth in the 
time domain diagram is: 60 ÷ (400 × 13) = 0.0115s . It can 
be seen that the vibration signal consists of a series of dis-
tinct impacts in Fig. 15. However, it is difficult to artificially 
determine the range of energy concentrated frequency band 
in the time domain.

4.3.2  Results and discussion

To study the relationship between the RMS and hob wear 
state, the RMS value of collected signals have been calcu-
lated for 144 workpieces, which is shown in Fig. 17. There 
is not a clear trend in the graph. It also can be seen that the 
vibration of RMS value cannot reflect the hob performance 
degradation process. Therefore, the CSE is adopted to analy-
sis data.

Fig. 13  Impulse signal. a Wave-
form. b Fourier spectrum
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To improve computational efficiency, a segment of data 
is intercepted with a guaranteed frequency resolution. The 
intercepted data length is 2 s and the sampling points of 
each group is 25600. The cyclic statistical bandwidth Bw 
is calculated by (45) and the Bw is 150 Hz. The frequency 
resolution p2 of hob whole life cutting test vibration sig-
nals is:

Fig. 14  Gears machined by hob in different wear states. a Initial wear. b Normal wear. c Severe wear

Table 3  Summary of the collected data

Number of 
workpiece

Sampling 
frequency

Collected data 
length of each 
gear

Total data length

144 12.8 kHz 64000 9216000
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The order n of hob whole life cutting test vibration sig-
nals is:

The cyclic statistical energy sequence and the maxi-
mum value of sequence are acquired. The correspond-
ing point is shown in Fig. 18. Thus, the optimal cyclic 

(47)p2 =
fs

N
=

12800

25600
= 0.5

(48)n =
Bw

p2
=

150

0.5
= 300

statistical energy sequence is {s814,  s815, …,  s1113}. The 
optimal cyclic statistical sequence is taken as the calcu-
lation sequence for each workpiece, which contains the 
energy concentration band. The index E is calculated to 
assess hob performance degradation degree. The Moving 
Average filter (MAF) is adopted to analyze data points 
in discrete systems, which can smooth out the short-term 
fluctuations. Firstly, N consecutive sample points are taken 
as a queue. And then, the average of N data in the queue is 
calculated. Place new data at the end of the original queue 
and discard the data at the start each time. The E sequence 

Fig. 15  Vibration time domain 
signal. a Initial wear. b Normal 
wear. c Severe wear

0 0.05 0.1 0.15 0.2
Time/ s

-2

-1

0

1

2

Am
pl

itu
de

/ V

0 0.05 0.1 0.15 0.2
Time/ s

-1

0

1

2

Am
pl

itu
de

/ V

0 0.05 0.1 0.15 0.2
Time/ s

-2

-1

0

1

2

Am
pl

itu
de

/ V

a

b

c

2115The International Journal of Advanced Manufacturing Technology (2023) 125:2103–2120



1 3

is processed by the MAF method. The result is shown in 
Fig. 19, showing an increasing tendency.

From the perspective of microscopic mechanism, the 
tool wear progression can be divided into four stages: (1) 
coating wear stage (group 0–45): the indicator of degrada-
tion E is relatively stationary. It indicates that the hob has a 
good wear resistance because of the coating. The hob is in 
the stage with optimal performance. (2) Initial wear stage 
(group 45–70): the surface roughness of the hob increases, 
and the contact area between the flank face of the tool and 
the workpiece is smaller. So that the compressive stress 
caused by cutting force is getting bigger, and the tool wears 
faster. As a result, the indicators of degradation E increase 

steadily. (3) Normal wear stage (group 70–120): the surface 
roughness of hob decreases, and the tool’s cutting edge is 
flattened after the initial wear stage. The contact area is get-
ting bigger. The wear degree of the tool grows slowly. As a 
result, the indicators of degradation E rise slowly. (4) Severe 
wear stage (group 120–144): after a long period of initial 
wear and steady wear, there is a sharp increase in wear rate 
because of the change in surface morphology and fatigue of 
the surface layer. Eventually, the tool fails.

Additionally, the WPD is also adopted to analyze signals 
as a comparison (Fig. 20). The total vibration signals energy 
differently when the hob is in different wear states. Thus, 
the frequency band energy of hob in different wear state 

Fig. 16  Vibration signal spec-
trum. a Initial wear. b Normal 
wear. c Severe wear
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after WPD also differs. So it can be selected as an index to 
recognize the hob wear state. A set of acceleration signals 
is decomposed using wavelet packets. The frequency band-
width of initial vibration signals is 6400 Hz. The three-layer 
WPD is applied to process signals. Figure 21 shows the sig-
nal analysis results of energy proportion for each frequency 
band. The diagram shows that energy is concentrated in 
the second frequency band, and the energy of which is sig-
nificantly higher than others. The corresponding frequency 
range is 800–1600 Hz.

The energy in the second frequency band is calculated for 
all 144 sets of data in the whole life cutting test. As a result, 
the variation of frequency band energy with the change of 
hob wear state can be shown in Fig. 20. The comparison of 
Figs. 19 and 20 results shows that:

1) The E values of vibration signals increases with the 
increase of workpiece number. However, the increasing 
rate is different when the hob is in different wear states. 
According to the graph, the variation of E is flattening at 
first and then there is a sharp increase. Later, the increas-
ing rate is flattening again.

2) The variation of indictors obtains by WPD shows an 
irregular function.

Furthermore, in order to validate the reasonability of 
the curve in Fig. 19, the workpiece accuracy test is carried 
out. During the cutting process, the workpiece accuracy 
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Fig. 17  RMS values of vibration signals for 144 workpiece

Fig. 18  Cycle statistical energy 
sequence diagram
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Fig. 19  Curve of index E obtained by CSE

Fig. 20  Curve of index obtained by WPD
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decreases and surface roughness increases gradually with 
tool wear. Therefore, the tool wear state can be reflected by 
the quality of the workpiece. Two main parameters are given 
to measure gear quality: tooth profile deviation and total 
helix deviation. The tooth profile deviation is the normal 
distance between two designed tooth profiles that enclose 
the actual working part of the tooth profile, and the dis-
tance is the smallest over the evaluation range. The total 
helix deviation is the distance between two designed helix 
lines that contain the actual helix traces within the detection 
range of the probe. In order to verify the effectiveness of 
the proposed index E, the two indicators of some specific 
workpieces are measured by the device shown in Fig. 22. 

Figure 22(a) shows the initial position of the probe and 
Fig. 22(b) shows a picture of detection process.

The telescopic probe of testing equipment slides along the 
surface of a part to record the surface condition. The actual 
contour line is generated at the display interface simulta-
neously. The data obtained from the testing equipment is 
listed in Table 4. Plot the two sets of data as two graphs in 
Fig. 23(a) and (b).

It has been observed that the tendencies in both plots 
generally agree with the tendency in Fig. 19(b), while the 
tendency in Fig. 20 using the WPD is not. The result shows 
that the proposed performance degradation index E based 
on CSE has good sensitivity to different wear stages and 

Fig. 21  Energy proportion of 
each frequency band using 
WPD
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can reasonably reflect the performance degenerate process 
of the hob.

5  Conclusion

Tool performance degradation assessment is an important 
part of mechanical machining. In this paper, a new tool wear 
state recognition method for hobs based on the CSE was 
proposed. At the beginning of this work, the hob spindle 
vibration signal model is established to study the dynamic 
characteristics of hob. The early wear cannot be recognized 
by the traditional signal analysis approaches, such as RMS 
and WPD. To solve this problem, the CSE is presented. 
Firstly, a short time interception is performed on the signals 

in frequency domain after DFT. And then the cyclic statisti-
cal energy sequence is established by extracting the main 
diagonal elements of CSEM. The optimal cyclic statistical 
energy sequence is the max value of the CSEM. The index 
E is calculated based on the optimal cyclic statistical energy 
sequence. In order to verify the effectiveness of the CSE, 
the validation experiments were carried out under industrial 
circumstances. The analysis results show that the index E 
is an efficient parameter for recognizing the early wear in 
hobbing machining compared with WPD.

The CSE shows the superiorities to traditional 
approaches. It offers a new way for future research not only 
in hob performance degradation assessment, but also in 
other rotating machines, such as milling and drilling.
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