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Abstract: In the development of a tool wear monitoring system in milling, the complex cutting path
always brings challenges to the system'’s reliability in the production line. The cutting path effect on
the acoustic emission (AE) and vibration signals during the micro milling processes was investigated
in this study by implementing three types of cutting paths in a micro milling experiment. To generate
the data for analysis, an experiment was conducted on a micro milling research platform using an AE
sensor and an accelerometer installed on a fixture attached to the spindle housing. To demonstrate
the effect of the cutting path on the performance in the monitoring of tool wear, a simple linear
classifier is proposed, along with the signal features generated from the different signal lengths and
the bandwidth size in the frequency domain. The results show that the signal features generated from
the cutting of a straight line, the corner of the square path, and the circle path are different from each
other. The increase in the signal length to generate features, which will reduce the corner effect, could
improve the performance of the developed monitoring system. However, the results suggest that
avoiding the complex cutting path for feature generation might be a better strategy for developing a
micro milling tool wear monitoring system.
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1. Introduction

A tool condition monitoring system has drawn a great deal of attention in the industry
lately due to the rapid development of intelligent manufacturing systems. At the same
time, the demand for micromechanical machining in the industry has also been rapidly
increasing due to the increasing development of products with small features. The low
signal strength and limited space for sensor installation when dealing with small parts make
it more challenging to monitor the micro tool condition than in cases with conventional
tools sizes. Although the tool condition monitoring system for the conventional size of
tools has been studied for decades and a number of review papers have been reported [1-9],
there are still several challenges regarding implementing the laboratory-developed system
to the production line, including the noise, system uncertainty, and the complex cutting
paths inherent in milling processes. One of the key solutions is to obtain reliable signal
features during cutting.

Different types of sensors have been investigated in previous studies for tool wear monitor-
ing, including the current sensor [10,11], dynamometer [12-17], accelerometer [18-21], acoustic
emission (AE) sensor [22-26], microphone [27-30], and vision sensor [31,32]. Multi-sensor
systems were also studied to improve system reliability [33-35]. Recently, classifier design
has become another focus in the development of a tool wear monitoring system. Several
types of signal processing algorithms were investigated, including the linear classifier
design [27,36], a neural network [18-21,33,37,38], fuzzy logic [39,40], a decision tree [25],
the hidden Markov model (HMM) [14,41], and AutoEncoder [42]. However, straight line
cutting was always implemented in these laboratory works to develop and evaluate the
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tool wear monitoring system in milling. For the investigations of vibration and AE signal
for tool wear monitoring, Hsieh and Lu [18] applied the spindle vibration signal and a back-
propagation neural network to monitor the micro tool wear in a straight line micro milling
process on SK2 steel and demonstrated that the proposed methods hold the potential to be
implemented in the production line. Huang et al. [19] proposed a tool wear monitoring
method using vibration signals collected from accelerometers on the workpiece and devel-
oped classifiers based on short-time Fourier transform (STFT) and a deep convolutional
neural network (DCNN) in straight line milling operations. The experimental results prove
that the proposed method is more accurate and relatively more reliable than other com-
pared methods, such as SVR, PSO-SVR, and PSO-LSSVR. Gomes et al. [34] monitored the
wear of cutting tools in the micro milling process using an SVM (support vector machine)
artificial intelligence model, along with the vibration and sound signals. The straight line
microchannel was used to collect signals in the experiments. A classification accuracy of
up to 97.54% was obtained in the evaluation. Prakash and Kanthababu [23] presented a
study on tool condition monitoring using a workpiece AE signal in the micro-end milling
of different materials, including aluminum, copper, and steel alloys. A strong relationship
between the tool wear (flank wear) and acoustic emission (AERMS) signals could be ob-
served in this study. Hu et al. [24] used the AE signal on the workpiece to monitor four
states of tool wear conditions in the channel milling of titanium alloy Ti-6Al-4V under MQL
conditions. Support vector machine (SVM) integrated with linear discriminant analysis
was adopted as the classifier. An overall 98.9% classification rate was obtained in this study.
In 2021, Twardowski et al. [25] reported the use of the AE signal on a workpiece to monitor
flank wear in the straight line milling of aluminum-ceramic composite containing 10% SiC.
A decision tree was adopted in this study to identify the tool condition. In the study of
tool wear monitoring development for complex cutting paths, Ma et al. [20] employed a
stacked network in conjunction with a feature extraction method that combines vibration
singularity analysis with correlation analysis to reduce the effect of the cutting path change
on the system performance. A stacked long short-term memory neural network (LSTM)
trained by selected features was used to estimate tool wear to reduce the path effect in the
machining titanium alloy (Ti6Al4V) work piece with a rounded four-tooth integral alloy
end mill. However, no feature analysis has been performed regarding the change in the
cutting path.

In the past decades, several research results have demonstrated that the developed
tool wear monitoring system, with vibration and AE signals, could provide a promising
performance in straight line or channel cutting. However, the cutting path in industrial
applications for milling processes is more complicated than simple straight line cutting,
and it creates a difficult challenge regarding the industrial application of tool condition
monitoring systems developed in the laboratory. In view of the cutting mechanism, the
change in tool/material engagement volume and direction is expected to lead to different
cutting force and signal features under the same cutting condition. To provide a better
strategy to improve the capability of transferring the system developed in the laboratory to
industrial applications, the cutting path effect on the spindle vibration and AE signals in
micro milling was investigated in this study by implementing three types of cutting paths
in a micro milling experiment. The accelerometer and AE sensor were installed on a fixture
attached to the spindle housing to collect the signals for feature analysis. Finally, a linear
classifier was also implemented to analyze the performance improvement by reducing the
path change effect with the increase in the signal length of the sampled signals.

2. Experimental Setup

To investigate the cutting path effect on the spindle AE and vibration signals corre-
lated to the tool wear condition, experiments were conducted on a micro milling research
platform, as shown in Figure 1. The research platform was developed by the micro man-
ufacturing research laboratory in NCHU, Taiwan. It includes an ITRI PC controller, an
XY-axis motion table with a resolution of 1 um, a Z-axis motion table, and an NSK-EM30
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56000 electric-motor driven spindle with a rotation speed of up to 60,000 rpm. For the
sensor installation, A Kistler 8152B121 AE sensor was installed on a fixture attached to
the spindle housing, along with a 3-axis accelerometer (Endevco 65-100-R). The working
frequency range is from 50 kHZ to 400 kHz for the AE sensor and from 1.5 Hz to 6 kHz for
the 3-axis accelerometer. In signal acquisition, the AE and vibration signals were collected
by a PCI-6132 and PCI-6251 data acquisition card, with a sampling rate of 2 MHz and
30 kHz, respectively. Three types of cutting paths, including straight line cutting, square
path cutting, and circle path cutting, were designed, as shown in Figure 2, to analyze the
vibration and AE signals affected by changing the cutting direction. The implementation of
the cutting pattern is illustrated in Figure 3. Three types of cutting paths were integrated
together for each cutting pass. For the tool size and cutting condition setup, the size of the
micro end mill used in the test is 700 pm, and the cutting condition for the test is listed
in Table 1. During the cutting, the tool wear condition was recorded by a portable optical
microscope on the cutting site, without removing the tool from the tool holder (Figure 1).

AE sensor

3-axis
bl accelerometer

Figure 1. Experimental setup for sensors in micro milling.

Circle Square Line
J, > X I l >X l >X
Yr Y Y
bl
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T o
(a) (b) (c)

Figure 2. Cutting path designs in micro milling: (a) circle path cutting; (b) square path cutting;
(c) straight line cutting.

Table 1. Cutting conditions.

Tool Diameter (um)

Feed Rate (um/Flute)  Spindle Speed (rpm) Depth of Cut (um) Workpiece Material

700

2 30,000 200 ISO TC 120 (SK2 steel)
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Figure 3. Implementation of the cutting test for the micro milling process.

3. System Development for Verification

The modules and the development procedure for the tool condition monitoring system
implemented in this study are shown in Figure 4. The modules of this system include signal
transformation, feature selection, and classifier design. The fast Fourier transformation
(FFT), combined with the class-mean scatter criterion, was adopted in this study for signal
transformation and correlation analysis of the features and tool wear. The Fisher linear
classifier [43] was chosen in this study as the model for the classifier.

i Signal Acquisition Signal Processing System
Sensor system i i
Micro ! v i )\i| Signal Feature Selection Classifier Design ; i
Milling | | *Spindle vibration I:> bAQ [> Transformation [> Class mean [: E> ool Condition
Process/ | in three axis - tter criteri oFLD linear classifier | :
: . . P r criteri; i
7 i | *Spindle AE signal Pl Scatter criteria |

(System Training for model )
i (@ EFT [> Feature [> Linear Classification
selection Model development

(System Testing)

=" w |a

Feature
extraction

[> ‘ Tool Wear Classification

[> Tool
Condition

Figure 4. Schematic of tool wear monitoring system for tool wear classification.

The time domain signals usually exhibit lower sensitivity to the change in micro
tool wear and are transformed into the feature space for the analysis in this study. After
transforming the time domain signals into the frequency domain, some frequency signal
features can be more sensitive to the change in tool wear than others and may therefore
be considered valuable features as the input elements to the classifier for identifying the
tool condition.

To evaluate the sensitivity of each feature in the frequency domain regarding the

change in micro tool wear, the class-mean scatter criterion was adopted, and the classifier
R (kk)
R(k,k)
analysis [44]. The between-class scatter R, and within-class scatter R are defined as follows.

index | = which estimates the between-scatter to within-class scatter ratio is used for

The mean of the features for each class l_fi (k) was obtained using individual features Y; (k)
in Equation (1) [44]:

— 1 .
Yilk) = 37 L0 i (K) M
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where
i =i class
j = j" pattern in a class
k = k" feature
M; = the number of patterns in class C;.
The overall system mean l_f is determined as follows:
_ c _
Y(k) =Y, piYi(k) 2)

where
pi a priori probability of class C;
C = number of classes.
The within-class scatter and individual-class scatter are defined as in Equations (3)
and (4), respectively:

1

R = 5 T (100 = 8 ) (0 = Y500 ' o

_ _ _ _ T
Re(k) = 2, (i) = Y ) (Yitk) ~ ¥ ) @
The R(k) is defined as in Equation (5) as follows:
R(K) = L Ri(k) ©)

4. Results and Discussion
4.1. Path Effect on Signal Features

The cutting edge and the flank wear level of the sharp and worn tool obtained on-
line are shown in Figure 5. The corresponding time domain raw signal collected dur-
ing three types of cutting paths for the sharp and worn tool conditions is illustrated in
Figures 6a and 7a, respectively. The types of cutting paths cannot be identified by the
vibration raw signals in the three directions. However, after transforming the raw signal to
the time-frequency domain by using wavelet transformation, some changes in the signals
correlated to the change in cutting path can be observed, with the wavelet coefficient
representing the low-frequency signal. Moreover, as tool wear increases, a more unstable
vibration signal can also be observed in the selected wavelet coefficient in Figure 7b. More-
over, the Y- and Z-direction vibration signals demonstrate a higher sensitivity to the tool
wear than the X-direction signal.

(a) (b)

Figure 5. Tool wear condition for signal collection: (a) sharp tool; (b) 30 um tool wear level.
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Figure 7. Time domain vibration signal with a worn tool: (a) raw signal; (b) wavelet coefficient
(30 um).

To investigate more detailed information on the signal change as the direction change
in cutting, the wavelet coefficients obtained from the circle and square cuttings are extracted
from full-length signals, as shown in Figures 8 and 9, respectively. In the circle cutting, the
change of signal amplitude in part B can be clearly matched to the direction change in the
cutting path. Additionally, due to the appearance of overlap machining at the intersection
of the circle and the straight line paths, the low signal energy can be identified between
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part A and part B in the signal analysis, as well as between part B and part C. In the square
cutting, as shown in Figure 9, the portion of the cutting moving in the Y-direction will
lead to a higher X-direction vibration signal in parts A and C. Based on the observation
discussed above, the change in cutting direction is proven to lead to a significant change of
the amplitude of the vibration signal in the specific frequency range.

6
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X-axis Vibration (wavelet analysis D6)
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Figure 8. Signal change in circle path cutting (sharp tool in x—direction).
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Figure 9. Signal change in square path cutting (sharp tool in x—direction).

The AE signals are generated primarily by the strain rate of the material on the
workpiece and the tool, as well as the friction on the tool—chip interface. The raw signal of
the AE signals collected simultaneously with the vibration signals are shown in Figure 10
for the sharp and worn tool. In contrast with the vibration signal discussed above, no clear
energy change in the signal features can be observed in the change in the cutting path. This
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Amplitude (V)

suggests that the direction change in the cutting path might not significantly affect the AE
signal, as its effect on the vibration signals is in all directions.

15 ‘ ‘ ‘ ‘ ‘ ‘ " [CaEM]
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Time (sec) Time (sec)

(a) (b)

Figure 10. Time domain AE signal: (a) sharp tool; (b) worn tool.

4.2. Sensitivity Analysis of Signal Features to Tool Wear

The frequency response of the X—direction vibration signal corresponding to three
types of cutting paths, with a 0.27-s sampling length, is shown in Figure 11, along with the
corresponding scatter index J calculated for each frequency (bandwidth 60 Hz) based on
5 sharp and worn datasets. The frequency domain feature with the higher index value |
will be considered more sensitive to the tool condition change and is usually selected as the
input vector for the designed classifier. Based on the analysis in Figure 11, the frequency
features which hold the highest sensitivity to the increase in tool wear in each type of
cutting path were observed to be different from each other. For example, in the case of
straight line cutting, the energy of the frequency features at 2.4 kHz, 4 kHz, and 5.6 kHz for
the worn tool case is higher than for the sharp tool case (Figure 11a). In contrast, the energy
of features at 1 kHz, 4.2 kHz, and 5.8 kHz collected from the worn tool examples are lower
than for the sharp tool samples. However, this result will not match the cases in the square
and circle path cutting conditions, except for features higher than 5.4 kHz. In the frequency
range lower than 3.2 kHz, the features in straight line cutting have a relatively higher-value
scatter index J (Figure 11b) than in the square and circle path cutting situations. In contrast,
the high-frequency features play a much more important role in detecting tool conditions
in the square and circle path cutting conditions, and they might also be good features, since
the scatter value in the high-frequency range is also sufficiently high in the straight line
cutting situation. These results suggest that selecting the lower frequency features as the
input to the classifier, based on the results obtained from straight line cutting, will lead to
failure in monitoring the tool wear condition when the cutting path consists of all three
types of cutting paths.

The frequency response of the AE signals and the scatter index J for each frequency
feature is also investigated and is shown in Figure 12. Different from the vibration signal in
the x-direction, the patterns of its energy distribution over the frequency for three types of
cutting paths are similar to each other. The AE signal energy concentrates on the frequency
range from 50 kHz to 220 kHz for all three types of cutting paths. By investigating the
scatter index for each frequency feature, the one located around 170 kHz has the highest
value J for all types of paths. These results suggest that the AE signal features might not be
significantly affected by changing the cutting paths compared to the vibration signals.
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Figure 11. Frequency domain vibration signal in the x-direction and scatter index for sharp and worn
tools: (a) frequency domain signals; (b) classification index J (60 Hz).
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4.3. Reduction of Path Effect by Signal Length and Bandwidth of Feature

The signal feature is usually generated by a specific length of sampled signals. The
different sampled signal lengths might change the sensitivity of specific features to the tool
wear. The sampled signal length selected for generating the features has been increased, as
well as the bandwidth size for frequency features, to investigate their effect on the scatter
index. The scatter indices for frequency features generated with signal lengths of 0.017 s.
and 2.27 s. are shown in Figure 13. The increase in the scatter index level can be clearly
observed as the signal length of the sampled signal increases from 0.017 s to 2.27 s. This
result suggests that the variation in signal features is decreased and the contribution of
the path change in deteriorating the tool wear monitoring system might be reduced by
increasing the signal length. However, unlike the results shown in Figure 11 with the
sampled signal length of 0.27 s, some frequency features obtained from the sampled signal
length of 2.27 s and located higher than 5.2 kHz exhibited the highest value of the scatter
index in the straight line cutting and will be selected as the input to develop the classifier.
In this case, a better performance of the classifier will be expected, since the same frequency
range of features could also be selected for the circle and square path cutting. On the other
hand, when the sampled signal length is reduced from 2.27 s to 0.017 s, the classification
index is low for all cutting paths, and no common frequency features could be chosen for
any of the three types of paths. The higher variation in the signal caused by the path change
might be the primary factor contributing to this result.
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Figure 13. Scatter index ] with various signal lengths: (a) 0.017 s; (b) 2.27 s.

The scatter index ] for the AE signal features with various sampled signal lengths is
shown in Figure 14, with sampled signal lengths of 0.015 s. and 0.22 s. The lower signal
length for the AE signal, rather than the vibration signal, was investigated because of the
higher sampling rate setup for collecting the AE signal. In Figure 14, the increase in the
value of the ] index could be observed as the signal length increase. This result is in good
agreement with the results obtained for the vibration signal. However, the change in the
cutting path does not change the pattern significantly. These results suggest that the noise
or disturbance effect caused by different path changes is reduced by increasing the signal
length for both signals. However, the noise and disturbance in the AE signal are provided
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by the variation material propety, tool-material engagement, and machine tool peformance,
not by the cutting path direction change.
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Figure 14. Classification index ] with various AE signal lengths for feature generation: (a) 0.015 s;
(b) 0.22s.

For the frequency features, the bandwidth chosen to generate them is usually expected
to affect their sensitivity to the monitoring target and the noise/disturbance. Therefore, the
effect of the bandwidth size for frequency features on the scatter index is analyzed here.
An example of the frequency response of an X-direction vibration signal, with bandwidth
sizes of 150 Hz and 300 Hz, is shown in Figure 15. The corresponding scatter-index
J of each frequency feature calculated, based on repeated tests, is shown in Figure 16.
By investigating the index J for all three types of cutting paths, shown in Figure 16, no
significant change could be observed when changing the bandwidth of the frequency
features from 150 Hz to 300 Hz. On the other hand, by investigating the scatter index
change for AE signals shown in Figure 17, the scatter index is reduced as the bandwidth is
reduced. However, no significant pattern change was observed when comparing the scatter
indices of the three cutting paths to one another. This result might again suggest that the
variation in the AE signal is not contributed by the type of the cutting path, but by the
variation in other parameters, such as the spindle bearing, material property, tool-material
engagement condition, and machine tool performance along any type of cutting path.
Figure 18 shows the scatter index ] for the AE signal from two different tools. The value is
only calculated from the signals collected from different time intervals in a test with one
tool applied. It demonstrates a significant change in index J for these two cases and might
support the above discussion. However, further study could be conducted in the future to
solve this issue.
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4.4. Classification of Tool Wear Condition for Various Cutting Paths and Sensor Directions

Based on the analyses results in previous sections, a simple linear classifier is de-
veloped to verify the cutting path effect on the performance of a monitoring system and
to investigate the benefits we could obtain by increasing the sample signal length. By
considering the effect of the changing cutting direction with different cutting paths, four
models were independently developed, based on each type or direction of the sensor signal.
A total of 3 sets of signals collected in the straight line cutting condition were used to
train and generate the model. The signals obtained from 2 sets of tests other than those
used for training the model were used to verify the system, including all three types of
cutting paths. The classification rates of tool wear corresponding to vibration signals in the
three directions and AE signals are shown in Tables 2 and 3. The results illustrate that the
classification rates for the cases with square and circle cutting are far lower than the results
for the case with straight line cutting. This result are in good agreement with the signal
feature analysis based on the scatter index J and could support the conclusions that the
characteristics of cutting motion in the circle and square cuttings are different from the one
(straight line cutting) used for developing the linear classification model. Moreover, the
Z-direction vibration signal was observed to exhibit a higher capability for monitoring tool
wear with the lower cutting path effect. This might be caused by the change in direction of
the cutting in the circle or square path, leading to the lowest impact in the Z-direction (out
of plane); the results match well with the observations in Figures 6 and 7. When considering
the differences between the vibration and the AE signals, a lower classification rate for the
AE signal than for the vibration signal was observed. This might be caused by the features
of the signal varing randomly due to paramters other than the cutting path change.

Table 2. Tool wear classification rate with various axis vibration signals (model trained by line data).

Bandwidth Size Straight Line Square Circle
1200 Hz
Data Length Sharp Worn Average Sharp Worn Average Sharp Worn Average
0.27 s
X axis 89 100 93 75 100 88 69 100 84
Y axis 86 100 93 31 100 66 38 100 69
Z axis 100 100 100 94 100 94 94 100 97
Table 3. Tool wear classification rate with the AE signal (model trained by straight line data).
Signal Length Straight Line Square Circle
0.22s
5 " Sharp Worn Average Sharp Worn Average Sharp Worn Average
Bandwidth Size
150 Hz 73 91 82 88 75 81 75 56 66
6000 Hz 68 77 73 94 44 69 75 38 56
36,000 Hz 45 95 70 63 50 56 25 69 47

In the previous discussion, the increase in the sampled signal length could increase
the value of the scatter index ] and reduce the cutting path effect on the vibration signal.
The classification rate for all three types of cutting paths, with various sampled signal
lengths, is shown in Table 4. Four levels of sampled signal lengths were used in this study,
including 0.017 s, 0.27 s, 0.82 s, and 2.18 s. for vibration signals and 0.015s 0.22 s, 1 s,
and 1.75 s. for the AE signal. The difference between the chosen signal length is caused
by the different sampling rates and the easy operation of transforming the time domain
signals to the frequency response. The results, as shown in Tables 4-6, demonstrate that
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the increase in the sampled signal length in feature generation can significantly improve
the classification rate. When considering the signals from three directions, the Z-direction
vibration signal demonstrates less sensitivity to the cutting path. A 100% classification
can be obtained by properly choosing the signal length for each processing unit using the
model developed with only the data collected from the straight line cutting condition. In
contrast, the AE signal provides the lowest classification rate of all three signals. This result
is in good agreement with the discussion above.

Table 4. Tool wear classification rate with the X-axis vibration signal and a 150 Hz bandwidth size
(model trained by straight line data).

Bandwidth Size Straight Line Square Circle
150 Hz
N Sharp Worn Average Sharp Worn Average Sharp Worn Average
Signal Length

0.017 s 32 86 59 69 75 72 75 56 66
0.27s 27 100 64 50 100 75 44 100 72
0.82s 50 100 75 69 100 84 88 100 94
218s 100 100 100 100 94 97 100 100 100

Table 5. Tool wear classification rate with the Z-axis vibration signal and a 150 Hz bandwidth size
(model trained by straight line data).

Bandwidth Size Straight Line Square Circle
150 Hz
5 Sharp Worn Average Sharp Worn Average Sharp Worn Average
Signal Length

0.017 s 95 36 66 100 31 66 100 38 69
0.27s 100 100 100 94 100 97 88 100 94
0.82s 100 100 100 100 100 100 100 100 100
218s 100 100 100 100 100 100 100 100 100

Table 6. Tool wear classification rate with AE signals and various signal lengths (model trained by
straight line data).

Bandwidth Size Straight Line Square Circle
6000 Hz
N Sharp Worn Average Sharp Worn Average Sharp Worn Average
Signal Length

0.015 s 59 59 59 94 50 72 75 31 53

0.22s 68 77 73 94 44 69 75 38 56

1s 55 100 78 88 75 81 75 81 78

1.75s 50 100 75 75 75 75 75 81 78

5. Conclusions

In this study, the cutting path effect on the acoustic emission (AE) and vibration
signals during micro milling processes was investigated by implementing three types of
cutting paths in a micro milling experiment. The results show that the time domain signal
generated from the cutting of a straight line, the corner of the square path, and the circle
path are different from each other. Based on the correlation analysis of the frequency
features with tool wear, the optimum frequency features which are closely related to the
tool wear condition differ along with the change in cutting paths for the vibration signal.
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However, the cutting path effect on the AE signal is lower than that of the vibration signal.
In the study of the effect on the monitoring performance caused by the sampled length
and bandwidth size of the features, the increase in the sampled signal length to generate
the signal features will reduce the path change effect, based on the scatter index analysis.
Moreover, unlike that of the sampled signal length, the cutting path effect was not observed
to change with the increase in the bandwidth size of the features. In the analysis of the
performance of the developed linear monitoring system by applying signals obtained from
different types of cutting paths, a low classification rate was obtained for events with
a cutting path other than the straight line cutting, which was used to train the model.
However, when an increase in the sampled signal length is applied to generate features,
the performance of the developed monitoring system improved significantly. Although
the monitoring performance could be improved by reducing the cutting path effect and
increasing the signal length per sample, avoiding the complex cutting path in collecting the
signal might be a better strategy when developing a tool wear monitoring system in the
micro milling process with complex cutting paths.
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