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Abstract; To automatically detect the tool wear state in metal cutting process, an automatic detection
method based on image processing was proposed by analysis of the gray levels of a tool wear image in
the background area, wear area and the unworn area. Firstly, the automatic determination algorithms
of the upper-and lower-thresholds were respectively presented according to the Otsu method and B-
spline curve fitting method. Based on the algorithms, the gray-contrasts between wear area and back-
ground area as well as wear area and unworn areas were enhanced. By analysis of the stable region
within three areas and the non-stable region at two edges in the tool wear image, the local gray-level
variance threshold algorithm was presented for the boundary extraction. An adaptive threshold of the
local variance was defined, by which the tool wear region was segregated from the tool wear image
clearly. On this basis, the morphological method was used to fill out the holes of the segregated part,

so that the corresponding geometric parameters of the wear areas were precisely achieved. Experimen-
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tal results show that the detection errors of the wear width and the wear length are respectively

1.024% and 1.325% when the magnification of 3D microscope is 50, whereas they are 0. 661% and

0.995% when the magnification is 100. The proposed method is characterized by strong anti-interfer-

ence, and higher detection accuracy. It can supply the technology support for improving the tool utili-

zation, guaranteeing the machining quality, and saving the manufacturing cost.
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Fig. 1 Detection system of tool wear
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Fig. 2 Tool wear image
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Fig. 3 Start pixels in all areas
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Fig.4 Gray level distribution curves of pixels in tool wear image
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Fig. 5 Comparison of image enhancement
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Fig. 7 Optical imaging model of tool wear

I, R 45 XA 2 TRI A 6F A B 43 X 5 X O &
2% o JE AR DX AR UK BE AR 1 3 <3 AT Jey i O
ZERT T 5 XOHMUR B3 X, (H/N T 21X 4
8 Fin.

(a) JilK 50 1%

(a) Zoom in 50X

(b) JK 100 1
(b) Zoom in 100X
I LIRSS Ry

Fig. 8 Local variance images before enhanced
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Fig. 9 Local variance images after enhanced

(b) LK 100 4%
(b) Zoom in 100X

AR 2 CO) i 1 R Jr 25 BIE. D, Al IR B ]
B G DR MR 1G5, B .
1,Ds5(piy=D
I1Ci, )= . (10
0, D3 Cpiy<<D
5399 R B BB AU Canny 557 0 46
) Kz Je 38 5 26 R B 06 oF 70 L S 4 R R A7 s 4
XA 10 Bos . BBIE 53 #1075 — i 2 g
U 450 DX 55 R B 40 XA i B, T B A IX 5 9
DX 343 55 00 AN RS IU , 53 31 REOCR AR 22 5 WU (B
3 R AT L R] A A I A% 2 B BRI Y 34
RS HA] X 1 S8R FUERR BN & 5
OGRS 5 1 B Ik 5 00 J 0 5 22 B AE )



%12

Z2[E AL, & ] ELE A0 B shAS I B 4G I 2R 45 3339

RT3 X3 4, i Canny BFAYIEDE #5 R
FERBE A 3, OB B 3R A5 (9 i1 L an & 10 Co) B
K R IR Z 4077 Kk, HAFTE SR B i 4% , X J5 2k
V401 X U AT 2 800 T S8 AF A — 2 5% W5 T Ry 38 T
2% (B 3 B 58125 R 65 A R0, 3 B 4 X, 30 B g
JE 6 N O L T AR BR T RS R X 48 K 2B 1E S
AR TR LA, G 10 (D PR,

(a) H{H
(a) Single threshold

(b) W3 B
(b) Dual threshold

(¢) Canny & F

(¢) Canny operator

(d) ¥ 22 B E 5k
(d) Local variance threshold
Bl 10 o BISRE X LS g

Fig. 10 Comparison of image segmentation methods
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Fig. 12 Automatic detection of tool wear

AP
() WK 50 1
(a) Zoom in 50 X
6 % &

AR SOMR A 70 LI 5 AR AR 2R 00 A B A 4R
T R T 22 IR > BB . T e T R R
B IR A5 B0 40, 98/ T 301 2 A 1l 53kt
W GARZR IS0 AN ALREAHG F AR X 3 PR 3 A7 2% i

S Z k-

(1] B, wmE. 2k, F. 5G4 TCA m i IHI
JVRES A ROTO BT ] ALE 4k, 2013, 34
(9): 2230-2240.
CHEN Y, YANG SH B, FU Y C, etal.. FEM es-
timation of tool wear in high speed cutting of
Ti6Al4V alloy [J]. Acta Aeronautica et Astronauti-
ca Sinica, 2013, 34(9):2230-2240. (in Chinese)
[2] R4B=. %, Hoeok. 5. T RERNEN T8
TEFRSEM AR RS REHF K] T AR
A, 2012, 46(12): 59-74.
LIANG WY, GUO J K, CHEN X B, et al.. Re-

search and application of end mill wear state meas-

SR T HL B R M A WL BT
GUT JJ R A I 2 5 A (U BE % Ak B ) L 2% 454
DXILAT 250 [ 8l it 58 T L7 451 X s o8 42 4k
TRV NI A PE T BE A TROR AR K00 O A
P R s 78 BCR A% B 100 I A6 T RS B2 5 i
9956 . K A ) H B LAY S8, W o8 TN
ST ] RS BRI S

uring system based on shadow casting [J]. Tool
Engineering» 2012.46(12):59-74. (in Chinese)

[3] BRADLEY C, WONG Y S. Surface texture indica-
tors of tool wear - a machine vision [ J]. The Inter-
national Journal of Advanced Manufacturing
Technology, 2001, 17(6):435-443.

(4] Fhshm. F=2. &&9. F. HTRE % PCAE
B ) BSR4 TR R AE AR SE LT, A 5 5
H A, 2010, 29(3): 395-397.
SUNLL, LIY, ZHENG ] M, et al.. Fractal a-
nalysis of PCA reconstruction for tool wear monito-
ring [J]. Mechanical Science and Technology for
Aerospace Engineering, 2010, 29(3): 395-397. (in
Chinese)



5512 ) Ze[E] M, 45 ) H IS [ S KA I & gt 3341
(5] #ER, 58, F8%.,5. ETISUENTTEE The International Journal of Advanced Manufac-

(6]

(7]

(8]

BRI ARLT]. R4 X F 4R, 2012, 38(5): 505-
508,518.

YANG ] G, XIAO R, LI BZH, et al.. Tool wear
detection based on machine vision [J]. Journal of
Donghua university, 2012,38(5) :505-508,518. (in
Chinese)

HUSSAIN S, CHEN X. Remote milling tool-wear
monitoring and direct wear features extraction by
image processing [J]. Internet Manufacturing and
Services, 2008, 1(3):246 -261.

JURKOVIC J, KOROSEC M, KOPAC J. New ap-
proach in tool wear measuring technique using CCD
vision system [ J]. International Jowrnal of Ma-
chine Tools & Manufacture, 2005, 45(9);:1023-
1030.

MOOK W K, SHAHABI H H, RATNAM M M.
Measurement of nose radius wear in turning tools

from a single 2D image using machine vision []].

EERN

REKEQ970—) B TR A A E
J& #2002 4F 2005 4FEF 4L Tl
G AR AR A A6, 2009 4R
TUHIL Tl R A= Iy 2 i s il £
N T AR T a3 i S04 i T A
5 0 1 T 5B A5 ARG I O ¥ 5 0 B
AR B AR ARG I W WFoE . E-
mail: qghwzx@126. com

(9]

(10]

[11]

turing Technology, 2009, 43(3-4):217 -225.
ZHANG ] L, ZHANG C, GUO S, et al.. Re-
search on tool wear detection based on machine vi-
sion in end milling process [J]. Production Engi-
neering, 2012,6(4-5) :431-437.
CASTEJON M, ALEGRE E, BARREIRO ], et
al.. On-line tool wear monitoring using geometric
descriptors from digital images [ J]. International
Journal of Machine Tools & Manufacture,
2007, 47(18):1847-1853.
FMEF, 27, ®FLE, F. 5T Otsu N A
LREE BT B B BT b F o E A,
2012, 20€10): 2315-2323.
HE ZH Y, SUN L N, HUANG W G, et al..

Thresholding segmentation algorithm based on Ot-

su criterion and line intercept histogram [J]. Opt.
Precision Eng. , 2012, 20(10).: 2315-2323. (in
Chinese)

5 #EQ1988—), B, WAL A AL
WFFE A 2 DT vy N T A M T
AR CE R BB AR Ay T RS, E-
mail: 395284858(@qq. com

(RIETE REWWT FEHEH)





