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Abstract

indexes under same grinding condition.

Grinding burn monitoring is of great importance to guarantee the surface integrity of the workpiece. Existing
methods monitor overall signal variation. However, the signals produced by metal burn are always weak. Therefore,
the detection rate of grinding burn still needs to be improved. The paper presents a novel grinding burn detection
method basing on acoustic emission (AE) signals. It is achieved by establishing the coherence relationship of pure
metal burn and grinding burn signals. Firstly, laser and grinding experiments were carried out to produce pure metal
burn signals and grinding burn signals. No-burn and burn surfaces were generated and AE signals were captured
separately. Then, the cross wavelet transform (XWT) and wavelet coherence (WTC) were applied to reveal the coher-
ence relationship of the pure metal burn signal and grinding burn signal. The methods can reduce unwanted AE
sources and background noise. Novel parameters based on XWT and WTC are proposed to quantify the degree of
coherence and monitor the grinding burn. The grinding burn signals were recognized successfully by the proposed
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1 Introduction
Grinding burn is caused by excessive heat produced dur-
ing grinding process. It changes the surface hardness and
reduces the fatigue resistance which brings great damage
to work-piece [1, 2]. Grinding burn is widespread in the
field of cylindrical grinding, rail grinding, bearing rings
grinding, and so on [3-5]. Therefore, the detection and
monitoring of grinding burn is of great importance to
guarantee the high quality of mechanical components.
Various monitoring methods basing on vibration [6],
electric current [7], force [8], piezoelectric diaphragms
[9], acoustic emission (AE) [10], Barkhausen [11], eddy
current [12], and so on [13-15] are utilized to detect the
occurrence of grinding burn. Among all these on line
detection methods, AE is one of the most effective tech-
nology for grinding burn detection [7]. Besides, AE senor
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is easy to install and sensitive to the grinding signals [16].
Hence, it has been widely studied to determine the grind-
ing burn occurrence.

Lots of experiments concerned with grinding moni-
toring were carried out. Jemielniak et al. [17] studied the
relationship between wear of tool and grinding burn by
examining the tool surface and AE signals [17]. Aguiar
et al. [7] did the grinding experiment, during which AE
signals and parameters were calculated to indicate the
grinding burn [7]. Bell et al. [18] developed the grinding
temperature prediction diagrams in high deep grinding
process [18]. Griffin et al. [19] established the relation-
ship of micro unit grit events of AE signals and macro
phenomena during grinding burn process [19]. Research-
ers simulated the grinding burn process by laser, from
which pure AE burn signals were obtained. The results
were used as reference to identify grinding burn [20-22].
Wu et al. [23] carried out a series of grinding experiments
to monitor grinding burn by AE sensor, dynamometer
and surface roughness [23].
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A plenty of signal processing methods were adopted to
study the grinding burn detection. Parameters of AE sig-
nals such as root mean square (RMS), mean-value devi-
ance (MVD), constant false alarm rate (CFAR) etc. have
been calculated and compared [7]. Then time-frequency
methods such as Short Time Fourier Transform (STFT)
[22], Wavelet Packet Transform (WPT) [20], Hilbert
Huang Transform (HHT) [24] and Ensemble Empiri-
cal Mode Decomposition (EEMD) [21] have been intro-
duced to analyze grinding burn signals.

However, the detection rate of grinding burn still needs
to be improved. Hence, a great deal of intelligence algo-
rithms were employed to increase the identification
accuracy. Liu et al. [25] used Fuzzy Pattern Algorithm
to predict the grinding burn [25]. Wang et al. [26] estab-
lished modals and utilizes Artificial Neural Networks
(ANN) to predict different degrees of grinding burn [26].
Support Vector Machine (SVM) and Principle Compo-
nent Analysis (PCA) were also employed to classify the
grinding burn [27, 28]. Besides, Saravanapriyan et al. [29]
selected force, vibration and AE signals as input informa-
tion of ANN to predict grinding burn [29].

Although lots of work has been done, there are still
some key problems to be solved. Firstly, the accuracy of
traditional grinding burn identification methods basing
on feature parameters is still need to be improved. Novel
methods like EEMD and intelligence algorithms have
high detection rate. However, these methods cost much
computing time. Therefore, a new grinding burn detec-
tion method which has high accuracy and costs less time
is needed. Secondly, the AE signal components which
can indicate grinding burn are always covered by other
AE sources and noises of the grinding process. Hence,
new method which can eliminate the undesired signals
is needed. Thirdly, although laser experiments have been
carried out to produce pure AE burn signals, how does
the pure metal burn signals effect the grinding burn sig-
nals is unknown. The correlation relationship of the two
kinds of burn signals can provide more information to
detect grinding burn.

Above mentioned problems are solved in this paper.
A novel detection method based on the Cross Wavelet
Transform (XWT) and Wavelet Coherence (WTC) is
proposed [30]. It has high accuracy and costs less time.
The common area with high energy and coherence rela-
tionship of pure metal burn signals and grinding burn
signals were obtained by XWT and WTC, from which
most of the interference signals and noises were elimi-
nated. Besides, the correlation relationship of two kinds
of burn signals were found and quantified by energy of
XWT (EXWT) and degree of WTC (DWTC). The two
indexes were employed to identify normal grinding and
grinding burn signals successfully.
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The organization of the paper is as follows. In Section 2,
the definition of XWT and WTC are introduced. Section 3
describes the laser experiment and grinding experiment. In
Section 4, the pure AE burn signals and grinding burn sig-
nals are analyzed by XWT and WTC methods. The feature
parameters for grinding burn detection are defined and
utilized to classify no-burn and burn AE signals. Section 5
provides the conclusion.

2 Theory

In order to find the relationship of pure metal burn signals
and grinding burn signals, signal correlation needs to be
found. For the transient non-stationary AE signals, Fou-
rier-based coherence method is unable to detect temporal
structure of AE signals. Hence, the time-frequency coher-
ence methods should be utilized to analyze signals. XWT
exposes common areas with high power and WTC reveals
the coherence of two signals in time-frequency space. They
have been widely applied to find the co-vary information
of geophysical signals and brain signals [31-33]. The XWT
has been used to demonstrate similar variation trend of
current and vibration signals [34]. Hence, the XWT and
WTC are suitable to study relationship of the two kinds of
burn signals.

2.1 Theory of Wavelet Coherence

The wavelet transform can be divided into discrete wave-
let transform (DWT) and continuous wavelet transform
(CWT). The DWT suits orthogonal wavelet bases, while
both CWT and DWT can be used for non-orthogonal
wavelet functions [35]. CWT is suitable to describe the
similarity and singularity of signal [36]. Therefore, the
CWT is used in the paper. According to reference [37], the
Morlet wavelet is most suitable for the analysis of AE sig-
nal. Therefore, the Morlet wavelet is utilized here.

The CWT of a signal x(t) is defined as follows [38]:

1 [t> Lt—u

where s represents the scale factor and u behalves the
time shift factor. Here ‘¥’ denotes the complex conjugate.
According to Ref. [18], the wavelet power is defined as
| Wi (1,9) 2.

Accordingly, the auto-spectrum of wavelet of signal x(¢)
is defined in Eq. (2):

Wi (1, ) = W (u, ) W (14, 5). 2)

And the definition of XWT of two signals x(¢) and y(t) is
provided as follows:

Wy (1, s) = Wx(u,s) W;‘ (u,s), (3)

here, the corresponding cross wavelet power is defined as
’ Wiy (1, 5) |
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It is obviously that the XWT is suitable to find the
common power areas with large energy of two signals in
time-frequency plane.

Consulting the description of coherence, the definition
of wavelet coherence is defined in Eq. (4):

-1
WTC(u,s) = [ (5™ Wiy (1,9)) | |

VS (57 W (at, )1)S (572 [ Wy a5, 9)])
(4)

where S is the smooth function, s is the scale factor and
u represents the time shift factor of CWT. Without the
smooth function S, the WTC will be equal to one every-
where. However, the definition of the smooth operator is
not uniform [27]. The smooth operator S must keep bal-
ance between frequency resolution and significance [25].
Usually, the smooth function is carried out in time and
scale domain. In this paper, the smoothing operator is
defined as follows:

S(W) = Sscate (Stime(W)), (5)

s = (W(s) *62;22>

here, t is the points averaged over a range of time, which
is determined empirically and set to ¢t € [—30, 30].

Stime(W) (6)

s

Sscate(W) = W H (Cs), (7)

here, C is scale decorrelation length of wavelet which is
determined empirically and set to 0.6 [24, 25]. [] is the
rectangle function.

According to Schwartz inequality, the result of WTC
must between [0, 1]. From the definition, it is known that
WTC reveals the local correlation of two signals in time-
frequency planes.

3 Experiments Set-up

In the grinding process, the grinding AE signal has a vari-
ety of AE resources. The metal burn AE signal is always
buried in these resources. It is hard to judge whether
the signal variation is induced by metal burn or by other
grinding factors. In order to investigate the contribu-
tion of metal burn signal to grinding burn signal, a laser
experiment was carried out to produce pure metal burn
signals, during which the undesired AE resources were
excluded. Then the grinding experiment was conducted
and the grinding burn signals were obtained. The set-up
of two experiments are given below.

3.1 Laser Experiment
In the experiment, laser machine is employed to gener-
ate metal burn, during which AE signals are collected
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simultaneously. Laser is provided by Chutian laser weld-
ing machine and the laser parameters are shown in
Table 1. The energy of laser is adjusted to produce no-
burn, and burn surfaces, which are confirmed by surface
temperature and temper color.

The 1045 steel is adopted in the experiment. The PAC-
II system collects the AE signals. The sample rate is set
to 2 MHz. The amplification factor is 40 dB. And the AE
threshold is 30 dB. The AE sensor, Nano30 is employed.
The operating frequency range of Nano30 is between
125 kHz to 750 kHz. And its resonant frequency is
300 kHz. The surface temperature is recorded by infra-
red thermal imager (FLIR-SC7000). Figure 1 shows the
experimental apparatus.

3.2 Grinding Experiment

Grinding burn can be produced by adjusting sharpness of
grinding wheel. No-burn and burn surfaces are produced
by grinding machine (M7130H). Table 2 shows the oper-
ation parameters of grinding process. Except for the cool-
ing condition, the grinding parameters of the experiment
are same with the parameters of the real grinding process.
The burn surfaces are confirmed by temper color. The AE
signals are picked up during the grinding process. The AE
acquisition system and material of workpiece are same as
those used in the laser experiment. The sample rate of the
grinding experiment is set to 2 MHz. The amplification
factor is 40 dB and the threshold is 30 dB. The schematic
diagram of the experiment is shown in Figure 2.

The optical image of laser burn surface and grinding
burn surface are presented in Figure 3. It can be seen
that the temper color of grinding burn surface is similar
to laser burn surface. No-burn surfaces have no obvi-
ous change. While burn surfaces are black and yellow.
The results of two experiments are discussed in the next
section.

4 Results and Discussion

4.1 Result of Laser Burn Experiment

Figure 4 is the waveforms and spectrums of AE signals
produced by laser. Figure 4(a) represents the waveforms
of no-burn and burn signal. Figure 4(b) is the spec-
trums of no-burn and burn signal by laser heating. The
amplitude of no-burn signal is much smaller than burn
signal. The main frequencies of metal burn signal focus

Table 1 Laser parameters

Burn degrees No-burn Burn

Laser energy 5ms-100 A 5ms-160 A
Focal distance 123 mm 123 mm
Surface temperature <200°C >700°C
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a Laser spot

Figure 1 Laser experimental setup

b Thermal imager and AE system

Table 2 Grinding parameters
of grinding burn

and different degrees

Burn degrees No-burn Burn
Wheel speed (r/min) 1440 1440
Grinding depth (um) 20 20
Feed rate (m/min) 3-27 3-27
Coolant No No

in frequency band of 250 kHz to 400 kHz. In the band-
width of 420 kHz to 530 kHz, the amplitude of spec-
trum of burn signal is still higher than the no-burn
signal. Besides, between the frequency band of 600 kHz

Acquisition
system
Grinding wheel
Cooling liquid
Amplifier
=
=l
<:> Vs g 9
2 g=]
AE sensor Vi &
——
Work piece f
Work table
P

Figure 2 Schematic diagram of grinding experiment

to 650 kHz, some frequency components of burn signal
are slightly higher than the no-burn signal. These charac-
teristics of frequency distribution can be utilized in fur-
ther detection work.

4.2 Result of Grinding Burn Experiment

Figure 5 depicts the waveforms and spectrums of grind-
ing signals. The no-burn and burn surfaces are produced
by different bluntness of grinding wheel under same
grinding parameters. The cooling liquid is forbidden to
promote the occurrence of grinding burn. Figure 5(a)
shows waveforms of the no-burn and burn signals. In
order to ensure the effectiveness of the comparison, the
grinding signals were truncated to the same length. Fig-
ure 5(b) presents the spectrums of no-burn and burn sig-
nals of grinding process. In Figure 5(b), the main energy
of no-burn and burn signals are all below 100 kHz. The
peak value of no-burn signal is even higher than burn
signal. Hence it is hard to distinguish no-burn and burn
signals by ordinary characteristic parameters within
this bandwidth. Between frequency band of 200 kHz to
650 kHz which we concern, the frequency distributions
of no-burn and burn signals are similar. Amplitudes of
some frequency components of burn signal is slightly
higher than no-burn signal. However, there is no obvious
differences between no-burn and burn signals within the
higher frequency bandwidth. Hence, new method should
be proposed to distinguish the grinding burn.

4.3 Signal Analysis by XWT and WTC
From the experiment result, it is known that when grind-
ing burn happens, the AE signal induced by metal burn is
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¢ No-burn surface by grinding

Figure 3 Optical image of laser heating surfaces and grinding surfaces

d Burn surface by grinding

easily covered by a variety of AE resources induced during
grinding process. And sometimes it is hard to distinguish
no-burn and burn signals only by RMS value. Therefore,
obtaining and monitoring the frequency components
which indicate the occurrence of metal burn can improve
the detection accuracy of grinding burn. In order to extract
the features which represent the grinding burn signals, the
XWT and WTC are employed in the paper.

It is known that the XWT reveals the common areas
with high power and WTC exposes co-vary character of
two signals in time-frequency space. Statistically speak-
ing, the coherence of two signals increases with the WTC
value.

In order to obtain XWT and WTC results, the wavelet
transform must be adopted first. According to Eq. (1), the
wavelet transform of laser heating AE signal is denoted
by W,(u,s). The wavelet transform of grinding AE sig-
nal is denoted by W) (u,s). Then the XWT and WTC of
the two kinds of AE signals can be obtained by Eq. (3)
and Eq. (4). Figure 6 shows the CWT results of no-burn
and burn signals produced by laser. The energy of signal
is normalized. The peak frequency of metal burn signal
centers around 310 kHz. Figure 7 presents the CWT
results of no-burn and burn signals of grinding process.
The energy of signal is also normalized. The main energy
of grinding signals focuses below 100 kHz. The energy
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above 100 kHz is relatively low no matter grinding burn
happens or not.

Figure 8 is the XWT of laser and grinding signals. Fig-
ure 8(a) is the XWT of laser burn signal and grinding
burn signal. Figure 8(b) is the XWT of laser burn sig-
nal and normal grinding signal. Figure 8(c) is the XWT
of no-burn signal and grinding burn signal. Figure 8(d)
is the XWT of no-burn signal and normal grinding sig-
nal. The energy around 310 kHz in Figure 8(a) is higher
than other frequency bands. Comparing with the CWT
results, the frequency components of metal burn in the
grinding burn signal are enhanced by XWT. The back-
ground noise of grinding process is weakened accord-
ingly. In Figure 8(c) and Figure 8(d), the energy around
310kHz is much lower than Figure 8(a) and Figure 8(b).
In Figure 8(a) and Figure 8(b), common power areas
also appear below 100 kHz. From the metal burn experi-
ment, it is known that the metal burn AE signals dis-
tributes within 250 kHz to 650 kHz. Thus components
below 100 kHz is beyond our consideration. Therefore,
differences between Figure 8(a) and Figure 8(b) around
310 kHz are utilized to distinguish the grinding burn in
the following section.

Figure 9(a) depicts the WTC result of the laser burn
signal and grinding burn signal. Figure 9(b) depicts
the WTC result of the laser burn signal and normal
grinding signal. Figure 9(c) is the WTC result of laser
no-burn and grinding burn signal. Figure 9(d) is the
WTC result of laser no-burn and normal grinding
signal. It shows that the high correlation coefficient
focuses between 200 kHz to 530 kHz. Metal burn AE
signal and grinding burn AE signal have low coher-
ence relationship below 100 kHz. Between 200 kHz
to 400 kHz, the two kinds of AE burn signals have the
highest coherence relationship. But it is hard to dis-
tinguish grinding burn by WTC within this frequency
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band. Fortunately, between 600 kHz to 650 kHz, there
is successive correlation frequency between laser burn
and grinding burn signal. Considering the result in
Figure 5(b), the background noise of this bandwidth is
much lower than other frequency bands. It indicates
that within this bandwidth, most energy of the grind-
ing burn AE signal is originated from the metal burn
signal. Therefore, by comparing the frequency differ-
ence within 600 kHz to 650 kHz, the grinding burn can
be distinguished. Therefore, both the XWT and WTC
results can be used to indicate occurrence of grinding
burn.

The metal burn AE signal is transient and time-varying.
And the AE burn signals of the two experiments are col-
lected independently. Therefore, the phase correlation
between the signals is meaningless here.

Comparing with EEMD, the computing time of XWT
and WTC of signals length of 8192 are 3.13 s and 3.88 s.
The computing time of the same length signal by EEMD
is 22.28 s. Therefore, the proposed method in the paper is
more suitable for online monitoring system.

4.4 Detection of Grinding Burn

In order to extract effective information, energy of XW'T
(EXWT) and degree of WTC (DWTC) are defined. The
EXWT is defined as the sum of XWT of pure metal burn
signal and grinding signal of unknown status within cer-
tain frequency band and time interval, see in Eq. (8):

T h

EXWT = > [Was yuntnonn (5)
0 A

g (8)

where fi and f; are the lower and upper limit of fre-
quency band.

0.8
o)
jan)
) 0.6
>
Q
=]
(o}
& 0.4
g
5%
0.2
0

Time (ms)

a CWT of no-burn signal by grinding process

Figure 7 AE signals produced by grinding process
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b CWT of burn signal by grinding process
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The definition of DWTC is as follows:

/ r
)

)

DWTC =

o4
WTCy,y .,

T f T f
Z Z WTsz»yunknown - Z Z WTCva}’l
0 f 0 f

A

where o2 is variance.

According to the results of the previous sections, the
frequency band of EXWT is set to 300 kHz to 340 kHz
and the DWTC is 600 kHz to 650 kHz. Sixty sets of
normal grinding signals and grinding burn signals are
employed. The two indexes are calculated to classify the
grinding burn signals. The classification result is shown
in Figure 10. The two sets have clearly boundaries which
can be distinguished without doubt. The grinding burn
detection accuracy achieves 100%.

5 Conclusions

In this paper, a new grinding burn detection method is
proposed. The metal burn and grinding burn experiments
are carried out by which the AE signals are obtained. The
relationship between AE signals induced by pure metal

burn and grinding burn process is established by XWT
and WTC methods. Novel index, EXWT and DWTC are
calculated to distinguish grinding burn signals, by which
the accuracy of grinding burn classification achieves
100%. From the research work, the following conclusions
can be made.

1. The metal burn AE signals and grinding burn AE
signals have common high energy area within fre-
quency band of 250 kHz to 400 kHz. They also have
co-vary character within frequency band of 250 kHz
to 650 kHz.

2. The relationship of metal burn and grinding burn sig-
nals can be found by XWT and WTC method. The
common area with high energy of two kinds of AE
signals can be enhanced by XWT. The coherence
relationship of two kinds of signals can be found by
WTC. Both of them can eliminate the unwanted AE
sources and background noises to some extent.

3. New parameters are proposed. EXWT and DWTC
within certain frequency bandwidth are capable to
detect grinding burn accurately.
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