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Wear Detection for Micro-Drill and Micro-Milling Tool

via Adaptive Region Growth Algorithm

DENG Xiaopeng, WANG Yan, HONG Yu, HU Xiaofeng
(School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: Aiming at the problems, such as serious interference, difficulty in automatic
identification of wear region and inaccurate measurement of wear quantity in micro drill and micro
milling tool wear images, a visual detection method for tool wear based on adaptive region growth
is proposed by combining the maximum inter-class variance method with the region growing
algorithm, where the wear image is automatically trimmed by Otsu algorithm, and the starting
point and initial threshold of region growth are determined according to the change rule of image
pixels. The threshold is updated according to the inter-class variance to obtain the binary image of
the wear area. Then the tool contour is reconstructed by least square method, and automatic
measurement of tool wear is realized. The consistency analysis of wear measurement data is
performed to verify the effectiveness of the proposed algorithm. It is indicated that the
measurement results from the proposed method coincide well with the manual measurement
results. Compared with the existing machine vision detection methods, this method can
effectively avoid the influence of the interference area, and accurately extract the wear

information of the micro drill and micro milling tool, thereby accurately realizing the detection of
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the wear state of the micro drill and micro milling tool.

Keywords: micro drill and micro milling tool; adaptive region growth; automatic measurement;

consistency analysis
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Fig. 1 Image acquisition device
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Fig. 2 Schematic diagram of tool positioning
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Fig. 3 Tool wear detection process
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Fig. 4 Images after significance detection
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Fig. 5 Images after binarization processing
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Fig. 6 Images of interesting regions

2.3 ETREEKEZENTRERXEIRN

DX I A KR ) e AR SEAE o A R AL T A 1R
REGIFR—E . N HAR X R — P i fE N
AR L A BT T AR BN A A AR K AR R
Rmadte A S DB B BT Ak 2R 1) A AR
KOCHEBAHAFGEREENGMA . ZEEN
KA T e A KRR S AR A,

RELAE P — TP L T 3 25 A 3 XCUE K T
JIE CT g 2 0 58 125, e o o) 191 4k 38 IR 45 a0 47 980 5
FIAH 2] RO F I 285 27 i 5 38 78 2 {1 2% O e X
B AR PR R IRIREE A NS S
S5t — R T DO A R Y T L B AR I T ik
P AEAR IR B R X B0 O A KGR L O
i B A A B A B E R B SE B T T B
B A Sh R R O AR KR A

http: // zkxb. xjtu. edu. cn

52 T YU DX IR ) S BB AR A R O HER
5 R PR DX S A L 3 3 ) R A, AR SO Y TR
7T/ 3 R DK A BRI X A DX SR AT R

|5 i |

[msnsmi|

| —

ir| e R |1i

B 7 BT S N DO AR K 04 B 4 DX Sl O R
Fig. 7 Wear area extraction process using adaptive region

growth algorithm
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Fig. 8 Contrast-enhanced image
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Fig. 9 Contour distribution images
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Fig. 10 Product curve of line/column pixel mean and variance
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Fig. 11 Grayscale histogram of tool image
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Fig. 12 Resulting images of region growth
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Fig. 13 Binary image of tool wear area
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with different methods

HOrmgm . SCERL21 48 i DO A KOk b
Jo L Oh A A T B I 2 A A DX, AR i o
U BB AT 4 3R 0 R A K B X T T ™ A AR
ARG . PR, A X A K Bk T A A0 5
TIPR DI A 52 0 o 0 T B IR 2 ) L 451 B A
— e
2.4 EHREREBEN

J1 B DI U T 0 TR L A g A
JI TV AFAE O TT LG E’Fﬁﬂﬂlljﬂlﬁﬁ*ﬂrﬂﬁ%,
VEIUH N AL N I G IR U B B A
PRV 15 3 B0 B 50 98 B2 2 R A g /) Ilﬂ:,ﬁﬁi
BRI B R T R B . e LB B R AR R
2, R JJ 70l S AU A — 2% LA OR B 1 de /s
TR )TN R R ER A AT H A

Xib I W XA R A A B B AR R R AT ik
2 Sy QIR LS s 3 B S 1 N £ B N 29 = 2
.

M(]Lu\/\w\_,\‘

PAEN DA

(a) F#g Rk

(b) T4 2k
B15 B 5 X 3 A 2k

Fig. 15 Outline of wear area

WG R MR TTBEN : y=kae+b. B HZ
R RAEAR N (s i) o AR fie /N K AT A ELARE R
kSEEE O AN

(A = (X ad (D)
N b — (O] a)?

(5




104 [ |

PN

555

EROIESDEXGIENIGIED!
N - O

T T W AFAE 5 JTARAb 3 RS R BOT AT
A AR E N AR A 2R R B S A AR
HEME R ES S EHLUG . TREZ e ] R4t
JITIH4 KN TC B R 2K 8 Ok A A T A SR v A
GWERE ., AIRTTREZ MR B A R BLA SR
LN B TR i Ay

(D BT FE L T 90 6 1 (5 1E Ry e/ 3 ik
LA ELLR A SRR A B L TR O T 8 A K s 3 T 4R
Qb A4S ™ T L A Y A R A 1R 25 L OGS B T
JRRb 3 90 26 B LA JLBR TT AR A5

(2)iE 1 2 (5) (6) 153 B L iR 5 #UE .

OIHETRIEL BN SEE HLEE.,
0 s B B 3 R Y R A OB T RE A U 2 BR
XL 1, IR 2 5 005 0 SR S AR L 41
BHW,

() DUHEHT I i 58y SRl A 2D 3R (3) b 72
HZE5G HLZ PR Bk K s 8 S 4 e v 4
Z AN .

UG BB ha B B L 1% 22 AR AL 2 BT /NI
LN AP 5 BB A AR R AN T R L R 2 S e b, B
B RE N B 2% . (DX S 5 A 0 R
VUG 0 47 SR 5 S 0 E SR R Y

N,
0. 5N ux
e S, R ¢ WG LSBT H8 B S
B He o 100G SO B R 4RO B TT AR B — M T R
W CART/NT 1R g L FIE S MR
(KB 5 N, AR ¢ R IR B L ki
9 RER s Nowo 1 AU I BE 2 3 R Y 5 B, 7E T8
Bt N b TR/NRE

5 AL JE R B X AN 1A 16 T

b

(6)

S,’.l - S,*C (7)

(b) % B B8 4 Ji5 JB 451 IX 45k
Bl 16 JJELJEE 5 X 3,

Fig. 16 Tool wear area
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Table 1 Comparison of worn belt width from the proposed

algorithm and manual measurement

V514 95 B/ pom
ST
N T g 4% 7 30 I B 4
1 49. 879 3 56.313 5
2 55.510 9 55.156 1
3 32.984 7 34.506 9
4 35.398 2 41.990 7
5 54.706 4 51.143 8
6 49.074 8 46.151 5
7 59.533 4 60.473 7
8 49. 879 3 54. 205 4
9 57.924 4 57.496 6
10 47.465 8 53.428 2
11 63.555 9 63.805 7
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Table 2 Nonlinear regression parameter
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