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Abstract
In order to improve accuracy and efficiency of high-speed cutting tool wear monitoring
and classification, the novel method was proposed to identify the tool wear level and
estimate wear capacity based on machine vision and fuzzy statistical learning. Wear
feature parameters were extracted by analyzing the high-speed cutting tool wear
morphology and wear mechanism. The feature vector of each worn tool was established,
and the membership functions were designed, which correspond with low, medium and
high wear level. The method represents the probability of belonging to the low, medium
and high wear level. Finally, we had experimented in high speed machining shaft on the
HTC2550hs high-speed Computer Numerical Control (CNC) turning center in Shenyang
Machine Tool Co.,LTD.. Experimental results show that the method can effectively
identify the tool wear level, and identification accuracy can get 98.7%. The estimate of
wear capacity provides an important basis for tool radius compensation when the wear
level is located in the L class (low) level, and allows to replace the tool when the wear
level is located at the end of the M class (medium), preventing that the tool enters into the
H class (high).
Keywords: High speed cutting-tool, cutting-tool wear, machine vision, monitoring,
fuzzy pattern recognition

1. Introduction
Tool condition monitoring is the key technology to ensure the product quality and the
reliable operation of machining system in the process of high-speed CNC machining [12]. High-speed cutting tool must be withstood high pressure, high temperature, friction,
impact and vibration etc., so the cutting tool wear morphology, wear mechanism and
monitoring technology are very different from the constant speed cutting [3]. The tool
wear degree was usually estimated by the workers according to the vibration or noise of
the machine tool and cutting state. Most studies rely on experience; the scopes are also
limited to the certain processing conditions. There are some general problems such as the
inconvenience of installing, different process system with poor interchangeability, high
cost etc. In high-speed processing, the high-speed rotating tools accumulate a large
amount of energy and under the great centrifugal force, which will make the tool worn or
broken sharply. In order to prevent the loss of workpiece surface quality caused by the
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excessive cutting-tool wear, avoid the faults such as workpiece scrapped or machine
damage caused by tool breakage, the active monitoring technology must be taken in the
work cycle for high-speed cutting tools and the wear level must be online recognize and
control to ensure completion high-speed machining tasks with high quality, high
efficiency and low consumption [4-6].
With the development of image processing technology, the high-speed cutting tool
condition monitoring based on machine vision is gradually entering the field of
mechanical automation. Machine vision is non-contact inspection method with integrated
use of image processing, precision measurement, pattern recognition and artificial
intelligence technology etc [7-8].It has many advantages, such as image processing
capabilities with high-precision, the ability of identifying the different wear
morphologies, the flexible of applying to different processing types, easy positioning on
the machine, obtaining the precise amount of abrasion etc.. The directional light was
frequently used for flank wear measurements with machine vision, the artificial neural
networks were designed for automatic tool wear recognition using images of cutting tool
[9]. Reference [10] presented a method for micro-milling tool wear inspection using
machine vision, the geometrical measurements required to locate the cutting edges of the
micro-tool and the variable light intensity was used during image acquisition to detect
regions of different reflective properties. Geometrical information and reflective
properties were then used to evaluate the tool wear.
In view of the problems of poor environment adaptation ability and single monitoring
object, the new method was proposed to estimate wear capacity and tool wear level based
on machine vision and fuzzy statistical learning, in order to improve accuracy and
efficiency of high-speed cutting tool wear monitoring and classification, and meet the
monitoring requirements of tool wear state in a variety of conditions, which providing an
important basis for tool radius compensation and timely replacement the tool in
machining.

2. High Speed Machining Tool Wear Morphologies and Feature
Analysis
2.1. High Speed Machining Tool Wear Morphologies
The form of tool damage mainly is tool wear and tool breakage in high-speed cutting.
The damage reason with the cutting tool material and workpiece material is different,
mainly caused by abrasive wear, adhesive wear, chemical wear (oxidation, diffusion and
dissolution, etc.), brittle breakage and plastic deformation under the cutting forces and
heat [3,11]. The dominant wear morphology and wear mechanism are different under
different cutting conditions with different workpiece materials. Research shown that the
damage of the tool commonly is flank wear, front face crater wear, boundary wear and
micro-chipping, tipping, flaking, cataclasm and the plastic deformation [3,12], as shown
in Figure1. The main high-speed cutting tool materials are diamond, Cubic Boron Nitride
(CBN) ceramics, TiC(N) cemented carbide (metal ceramics) and cemented carbide
coating etc. [12]. When high-speed cutting the steel material, the most damage is the flank
surface of cutting tool ground into facet and the rake face ground into the crater
accompanied by micro-chipping[13,14]. When high-speed cutting the high-temperature
alloy, hardened steel and very soft steel materials, the most damage is boundary wear
[15]. It occurs in the cutting depths that is the contact edge of tool and workpiece, the
shape is elongated groove known as the groove wear. When high-speed cutting the
brittleness tools material, the most damage is the tool breakage.
2.2. Wear Feature Analysis

24

Copyright © 2017 SERSC

International Journal of Signal Processing, Image Processing and Pattern Recognition
Vol. 10, No. 6 (2017)

Taking the two typical wear forms as examples, the rake face was ground into the
crater and the flank was ground into facet. The extraction of wear features were shown in
Figure 2 and Figure 3. In Figure 2, KB is the width of crater wear, KM is the distance
between the center of crater and the cutting edge, KT is the depth of the crater. In Figure
3, the flank wear was divided into three areas: tool point wear zone (C zone), middle wear
zone (B zone) and boundary wear zone (N zone). In C zone, VC is the size of deputy wear
trench caused by low intensity and temperature concentration near the tip. In B zone, VB
is the average width of tool flank wear, VBmax is the maximum wear capacity of tool
flank caused by friction and poor heat dissipation [16]. In N zone, the wear capacity VN
at the juncture of cutting edges and the surface to be processed was wear groove size,
which was caused by high-temperature oxidation and surface-hardened layer. So the
seven parameter values KB, KM, KT, VB, VBmax, VN, VC were chosen as wear
eigenvalue.

Crater wear
Boundary wear
(tool major cutting edge)
Flank wear
Boundary wear
(tool minor cutting edge)

tool point(triangle) wear

Figure 1. Typical Wear Morphologies of the High-speed Cutting Tool
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Figure 2. Crater Wear Features of the Tool Rake Face
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Figure 3. The Tool Flank Wear Features

2.3. Feature Description of Tool Wear Mode
The above seven parameters were used as wear eigenvalue; every tool wear shape
eigenvector was expressed as Equation.1.
U  u1 , u 2 , u 3 , u 4 , u 5 , u 6 , u 7 
(1)
The wear mode was divided into three categories according to the degree of wear: low
wear level (L), medium wear level (M) and high wear level (H) [17].
Extracting the number of samples m, n, k as learning samples from L, M, H was
respectively expressed as Equation.2,3,4.
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Calculating their average of each column was respectively expressed as Equation.5,6,7.
l  l1 , l 2 , l3 , l 4 , l5 , l6 , l 7 
(5)
m  m1 , m2 , m3 , m4 , m5 , m6 , m7 

(6)

h  h1 , h 2 , h 3 , h 4 , h 5 , h 6 , h 7 

(7)
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du, l , du, m , du, h  was respectively expressed as Equation.8,9,10,which were the

distance between specific sample U  u1 , u 2 , u 3 , u 4 , u 5 , u 6 , u 7  and l, m, h.
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du, m    u j  m j 
7
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j1

du, h    u j  h j 
7

(9)

2

j1

(10)

L, M, H fuzzy sets' membership function is μLu  , μMu  , μH u  respectively in U, and

their values are the values between 0 and 1. The membership function of L, M, H are
selected as Equation.11,12,13 respectively.
du, l
Lu   1 
du, l  du, m   du, h 
(11)
du, m 
Mu   1 
du, l  du, m   du, h 
(12)

Hu   1 

du, h 
du, l  du, m   du, h 

(13)

2.4. The Monitoring Method of Tool Wear Level
The membership functions of different wear level were established based on fuzzy
statistical method to describe tool image and analyze the learning samples. The testing
sample's membership was calculated for monitoring tool wear levels in order to adopt the
positive and effective measures. When the primary wear level (L level), the wear was
calculated using the Equation.14.
VB 

 Pi x   P0 x 

B

(14)
Where
is the present boundary value which got form the picture of cutting tool,
Po x  is the initial boundary value, B is the width of B zone,  is the physical dimension
corresponding to single pixel [18,19]. The amount of different material tool front and rear
flank wear were obtained in the similar method according to the cutting condition and
high speed cutting tool wear mechanism, which provide an important basis for tool radius
compensation through modifying the corresponding bias parameters [20]. The tool should
be replaced when the wear level is located at the end of the M level (medium), preventing
that the tool enters into the H level (high).
Pi x 

3. Experimental Analysis
3.1. Tool Wear Monitoring Scheme based on Machine Vision
To verify the rationality and effectiveness of the algorithm, we had tested tool wear in
high speed machining shaft on the high-speed Computer Numerical Control (CNC)
turning center HTC2550hs in Shenyang Machine Tool Co.,LTD.. The Image obtaining
program is shown in Figure 4. Tool wear monitoring system based on machine vision
mainly consists of CCD camera, LED ring light source and microscope. The energy
conservation and environmental protection high brightness LED ring light source was
chosen in order to ensure the accuracy of identification and get clear front face and flank
tool image. And the emitting light element was used as red LED with the higher color
saturation and preferably monochromatic, which the dominant wavelength was about 625
nm, approximately the wavelength of CCD photosensitive element peak wavelength, and
met the requirements of monochrome CCD with active lighting light source in lighting
effect. The shell was designed for a ring structure, the inner diameter keep consistent with
the outer diameter of the CCD camera, and can be set in the CCD and fixed together by
hex screws, guaranteeing the relatively fixed position of the light source and the camera
[21]. The XTL-1 stereo microscope was used with the diameter of the objective lens is
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2cm and the magnification can be adjusted 40 and 160. The CCD microscopic camera is
USB interface sensor with 320×240 resolution. The focal distance was adjusted to get
relatively clear images through the moving of the camera lens droved by lead screw in
camera support. The camera len can also move around the rise screw rotation and small
range of bobs for shooting the tool flank. The digital signals of each frame image from the
CCD microscope camera were delivered to Sinumerik 840D CNC system by USB port.
Machine Cap

CMOS

Optical
Fiber

Ring
illuminator

Turret knife dish
Tool

Microscopes Lens

Tail frame

Workpiece
Headstock

Sinumerik 840D
CNC System

Figure 4. Program Schematic of the Tool Wear Monitoring

3.2. Image Acquisition and Feature Processing
The image acquisition part consists of light source, lens, digital camera and image
acquisition card, the on-site installation testing is shown in Figure 5. The digital camera
takes the picture of the target object and turn it into an image signal in the condition of
lighting, then transmit to the image processing part by the image acquisition card.
According to the requirements of the detected object, the seven geometric features of
cutting tool and color feature (monitoring of the coating surface) need to be extracted, so
the color CMOS camera FFMV-03MTC-CS is utilized for the experiment. The camera
supports multiple images trigger mode, the trigger_mode_15 makes the camera collect the
number of image (below 255) with the current frame rate via external trigger or software
trigger, which is set by the parameter through trigger_mode register. The triggered camera
can collect continuously, equivalent to trigger the camera and make it work in the freerunning mode when the parameter is set to 0. Once triggered, N number of images will be
collected with the exposure time set in the current shutter register and transmitted the
image flows to the host at the current frame rate, then, the camera will be in the state of
waiting for the next trigger. The any changes of the trigger_mode register will stop the
current acquisition sequence. In fact, this model is still an asynchronous trigger mode, but
not the free-running mode. And frame_rate register 0x83C will be turned off; the camera
is placed in the extended shutter mode, so the maximum shutter time should be less than
one in the current frame rate in practical applications. PLC was adopted to control the
camera implement a series of operations, such as turn on, leaflets pictures, continuous
shooting, pause, resume, single delivery, continuous transmission, stop, turn off etc[1].
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Figure 5. Measurement Set Mounted on the HTC2550hs
The lens is selected in accordance with the shooting range and the resolution of the
camera. The shooting range is calculated according to the Equation.15.
FOV  DP  LV  1  
(15)
where FOV is shooting range, DP is the shooting object's size in this direction, LV is the
object's movement in this direction,  is generally set to 10%, it is a amplification factor
to ensure that the target image is not just at the edge. M5018-MP lens is used to get image
with a resolution of 1024*768.The light source contains a annular angle light irradiation
of the 45-degree angle OPT-RID70(outer diameter is 70mm, the inner diameter is 54mm)
and a backlight source OPT-FL5050.
The tool's rake face image and flank face image can be acquired at the same time with
the CCD industrial camera. The flow chart of tool wear monitoring and tool radius
compensation is shown in Figure 6. In order to achieve and complete monitoring tool
wear morphology in complex background conditions, the wear feature parameters were
extracted, the dynamic real-time collection images were preprocessed. In the image
preprocess, first of all, the clarity of the target's original image must be maintained and
without destroying the useful information such as contour and edge, secondly, the noise
interference was eliminated and the background unrelated to the object was removed. The
acquired high-speed machining tool's image is shown in Figure 7.The median filter
method and enhanced resolution, mean filter and image segmentation method in reference
[20] was adopted to remove or reduce the noise and interference of the blade image
because of complicated tool image background in high-speed machining. The tool's image
adopted median filter method is shown in Figure 8 and the tool's image after
histogram equalization is shown in Figure 9. The target area of interest was enhanced, the
Signal to Noise Ratio (SNR) of the image quality was enhanced, and the enhanced tool's
image is shown in Figure 10. The wear area boundary was accurately positioned, and
the edge detection tool's image is shown in Figure 11. Three feature parameters of rake
face were obtained by the calculation method in reference [23]. After precise positioning
the flank wear boundary, the image was divided into B zone, N zone and C zone, the
seven eigenvalues were measured using the microscope [24]. The feature extraction and
feature measurement tool's image is shown in Figure 12.
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Figure 6. Flow Chart of Tool Wear Monitoring and Tool Compensation

Figure 7. The Acquired High-speed Machining Tool's Image
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Figure 8. The Median Filtering Tool's Image

Figure 9. The Tool's Image after Histogram Equalization

Figure 10. The Enhanced Tool's Image
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Figure 11. The Edge Detection Tool's Image

Figure 12a. The Feature Extraction Tool's Image

Figure 12b. The Rotating Tool's Image
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Figure 12c. The Feature Measurement in C Zone Tool's Image

Figure 12d. The Feature Measurement in B Zone Tool's Image

Figure 12e. The Feature VBmax Measurement in B Zone Tool's Image
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Figure 12f. The Feature Measurement in N Zone Tool's Image

3.3. Testing Calculation and Analysis
Seven testing sets are obtained by the above method, and each test set contains 10
group testing data and each group test data contains 7 feature parameters. Then the
membership function values of each group were calculated separately. The wear levels
were identified by the proposed multi-wear pattern recognition method as shown in Table
1. Its identification accuracy can get 98.6% comparing with the wear level using LDA
method in Reference [17]. The identification results of wear level were shown in
Figure13, the analysis results shown that the method can effectively identify the tool wear
level and adapt to monitoring the tool wear level in a variety of conditions. The tool wear
capacity was estimated to provide an important basis for tool radius compensation and
bias parameter modification when the wear level is located in the L level; and the tool was
replaced in time to prevent the tool enters into the H level when the wear level is located
at the end of the M level.
Table 1. Testing Results
Testing set
KB（μm ）
KM（μm ）
KT（μm ）
VB（mm）
VBmax（mm
）
VN（mm）
VC（mm）
Membership
function value
Wear level
Wear level
based on LDA

34

1
11
8
5
0.08

2
39
21
14
0.23

3
43
24
15
0.27

4
14
9
6
0.14

5
74
45
33
0.41

6
62
34
28
0.37

7
60
32
25
0.35

0.12

0.28

0.32

0.21

0.47

0.39

0.38

0.15
0.13

0.31
0.26

0.33
0.29

0.24
0.16

0.47
0.25

0.41
0.35

0.39
0.26

0.14263

0.35248

0.36457

0.14869

0.75245

0.65243

0.64325

L

M

M

L

H

H

H

L

M

M

L

H

H
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Figure 13. Comparison Curve of Tool Wear Level Recognition

4. Conclusions
In order to improve accuracy and efficiency of high-speed cutting tool wear monitoring
and classification, the method was investigated to identify the tool wear level and estimate
wear capacity based on machine vision and fuzzy statistical learning from theoretically
and experimentally aspects in turning process. The following is a summary of findings
from the present work:
(1) The monitoring method was proposed to identify the tool wear level and estimate
wear capacity based on machine vision and fuzzy statistical learning. Wear feature
parameters were extracted by analyzing the high-speed cutting tool wear morphology and
wear mechanism. The feature vector of each worn tool was established, and the
membership functions were designed, which correspond with low, medium and high wear
level. The method represents the probability of belonging to the low, medium and high
wear level.
(2) To achieve a more accurate result, the dynamic real-time collection images were
preprocessed, and the median filter method and image segmentation method was adopted
to remove or reduce the noise and interference of the blade image because of complicated
tool image background in high-speed machining. The tool wear of rake face and flank
face can be computed based on the detected wear edge points.
(3) The experimental work has demonstrated that the proposed monitoring method can
be used successfully the tool wear in turning the shaft process. Experimental results
shown that the proposed method can effectively identify the tool wear level, and the
probability of L, M, H wear level was calculated, and the identification accuracy can get
98.6% exceed the LDA method identifying the wear levels in Reference [17].
(4) The tool wear capacity was estimated to provide an important basis for tool radius
compensation and bias parameter modification when the wear level is located in the L
level; and the tool was replaced in time to prevent the tool enters into the H level when
the wear level is located at the end of the M level. The method of tool multi-wear mode
feature representation and information processing provide new ideas for the multiparameter monitoring of similar complex system, which have better theoretical foundation
and application value.
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