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Abstract:In the process of processing and production, irregular defects may occur due to processing errors, material
quality and other reasons, however, the traditional defect detection methods for metal axle detection have some
shortcomings, such as low recognition accuracy, lack of generalization ability and so on. The non-destructive testing
method based on deep learning in this paper was put forward, it could improve the detection efficiency of metal shaft
surface defects. In order to improve the quality of defect image, the research team designed the image preprocessing
method of surface defect of metal shaft, improved the traditional deep-learning Faster R-CNN, designed the feature
extraction network , RPN network , classification network and model parameters of the model, and improved the detection
performance of the model. The experimental results show that this technology can effectively improve the detection
efficiency and accuracy of metal axis defects in industrial pipeline,it can detect various kinds of defects. This research
has good generalization ability.

Keywords : nondestructive testing; irregular defects; metal axes; deep-learning

W& BHAROR AW, B T2 A s it
TR ORI FRBE A , 0 PR b 2 v e B DG 2 ¢ 10 G000
Tk AT B BRI A T 05 A 0 R P S R A
MR, #RAT AE — S0k LA 5 fie i ik i EE B i A
T VBB R T A TS e 3

%5 H #9:2018-11-06 ; 1& [E] H £A :2019-03-08

FEB AU AL (WAL SE R 25 ) J5 T H g
VA9 BB A R A 0 R s o R 0 A 2, %) T 2
B BRRA AR T A R, T6E 8 19— 26 e Ak B
ASRAR G ; B WA ORI, 225 R R
2 TR A P AR AT I AN AT Y, PR 2 ] PR 5

FE—EFEB N ROREE(1985) 3, T EBIN, RAFARE, TR, 3255 15 0l B HL . E-mail :624433769@ qq.

com



(B - w2l

BIE, = BT RES IR ERISUEA 61 -

HER R BRI B 20 HEZE LR PLas s HoR e
A A U R M P SR AR B T T A
RS SR 158 1 Py 1 0, G 00 i B2 R, AN 5 2 N O 25 0
g6, 1 HAERGIRE S EAIRR ST 25 0] (AL e AL
RGN T3 A5 W S P i i i L X T 1 2 <
7 it , T R E UM S G A IR, UG AR
1o PRAAL ST 4 4 22 1 BB, SR AR A0 109 0y
HARBLE PR, A RCEETT =0t [R] i X 3k R 47 2k
PE PTG RAEARVE BCT5 7k , SR TR RE =7~ H ARG
U Faster R-CNN S35 0E 17 efet , S 2 i ik
B A TR A E AL
1 GREEE G T IE
1.1 SREAEGRER

PRAILUR ARG UE D" X EUR AT e, i TR
ASERATAE AR AR /IR R B, PR b X i % R A 22
SRHCASE Ry, AU PRI i 5 T2 1] A 114 1 4 8 D6 R K
A USSR G i G ORAT  AE D ER BT, B I B 915
ARG EEFAE AR . RUAHE AL
HUR BB BERCR IR 1 s

()BLALHT

(b)Canny 5T A LA R E

(a) JHUR (b) RULIEB R

B 1 k@il &k 2R B

Figure 1 Bilateral filtering effect of surface defect
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Figure 2 Sharpening effect of surface defect
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Figure 3 Metal shaft surface defect detection
blueprint based on Faster R-CNN
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based on VGGNet-16

K 4 o ik ] VGGNet-16 (AT 17 )2, HE] T 13
NERUZH 4 D ERMALE, 800 5 R, A
F18 T P A 2 < i 2 T e A1l Pl AR B A9 B A
AR ST O 512 x 512 x 1o 55 1 BB 2 JZ A ]
GRUZI 1 2R AL )2 28, & U e U R
3 x3, I 64,40 BN 12, KON 1t feixik
BORSF 9 2 %2, 254K 2, 583d 2 MERBUZ T AR
WALJZ Z )5 B ) ROF 28 2y 256 x 256 x 64, &
2 Bl 2 MRS RUZ L2 B2 4
I, B BRI, 3 x 3 ROS), alaH oy 128,42 0 JH 7T
N VZE RN RO 2 x 2, 22 K0y 2, i
2 AERBURAN L A EORMALZ Z 5, it A R R
JAEN 256 x 256 x 128 & 3 e 3 EAH R ER)Z
L Z R ALZ AU, BRI 3 x3 ]S,
I 256,42 0 IR 1R, KO 1t e iU
F2x2 KN 2,00 3 MERUZAN T AR AL)E
ZJa i R MR RT 22 0 128 x 128 x 256, 45 4 8
Herh 3 JZARRGRZ T 12 Kb AL 2 4L, & B
AL 3 x3 YR, lIE 512,42 0 SH5E o 1 )=,
BRN AU 2 x2, 80 K00 2, 3l 3 45
BUZFN L A R A2 Z 5, it R R 1 RsE 72 o
64 x64 x512, %5 5 fige Ky 3 MERIZA M, B
HRIEIEI 3 x3 (Y RE @il g 512,42 0 JHFe o 1,

RN 1, iy R RS HERETE 32 x 32 x 512, 45
VGGNet-16 19 5 41 2 )5 , i B RRE B TR RIS R
~Foky 32 x32 x 512,
2.3 RPN ®W%i&it

RPN [ £% iy s A AT DA AT Ar] RO By U, i i 2
— I B b Bk X8 DL & B X R 975 4. RPN
H 4% Lo J2 anchor, kT AR B W AS 7] RS9 B 4%, RPN
D) 4% T B MG 2R S B E R AN R RST RO HE SR HR
i DX I, iX LEHE L FR R anchor, 33X HL 2% [E 3| AR 55 H
BB AN [R) RTINS, /N B B8 %650 B Y anchor RO 22
P /IS BRI BRE T X5 L 1 anchor ROSF Bl K. X
ARG H A 2B R A RS R /N )
/N I ST ] RIS [ g RS L BE 7 3 512 x 512 R
SFFEI 1% DAL 35l TR R L1 20T 5, {5
A ) 255 B LA R AR IR ST 1720 ~ 1/10 Z [H] 7% 5015
S I Bl o 2 A 1) 5 R e R A BB 8 B TR R ST Y
1/5 ~ 172 AHGA ) 85 5 LA /)N 5 B 40 e 5 LU B B L, A8
[ A RS AR AE F B RS 8 176 ~ 174, AR 4G4 Fh
SREA RS, Bt 9 MR 9S85 anchor RUST, 43 5]
& 128,647 327 BRFPRIALSY X R 3 R BE HE, 202
2:1,1:2,1:1,3XF anchor g W] LLIE N Fr 43 1 6k
N

AL H i) RPN Mg SEE R AN E 5 iR,
B R FERE R ST R 512 x 512 x 1, 5538 o 4 AiF 48 L
P28 PR 32 x 32 x 512 RSP B FRRRE ], %2
—AN3 x3 KN EhE O WS O e JE R A A
QRSB FERE B B T anchor $8 R
DX 5K, WS [ 35 ARVREAE ] i o, BREEBOGT I 7 8 1) 45 B
E o X HBA A BRRHIE [ B g A 25 T %« HErh— G
RSER T x 1, BB 18 B FUZ, i e — 4~ 18
e, RIFFZNLE R 9 Flr anchor A& B 1A 35 X a2
o8 B 71— B RST R 1 x 1 R EE R 36
HIEFRUZ, 2 36 4 ) i, CFRIZ M BB 9 Fh
anchor A& Ji 985 DX 380 1) 4 A0 B S 8, 43 0l 2 A 1o
HERT O S AR BR x, y FIEEAE 1) 58 FIHE w, R
2.4 SEMEIZIT

T HIE RS G A RE R R R R, — el
BN e ZANENE  AAEAS B L PR R AE 1 3F T B A
FIRAERI RO . ZCHF 1y RFH— BE TR N
IEREARTEAT 4328, 1y /N T 5 — B E 0 0T 1 S RE AR
75 RPN #r H B B, 75 500 1F SRR A 14 1, 075 16 1 {1
FEVRAT o BEXHMISE i T BRE , FATT & IR IE | SRR AR
) 7 326 [0 (L AR AP B A 2080 P i v o i PG BE, G 2 2 i



(&8 - w0] BAGE, & . BT RESFINAMNEHEIRBIR N AR - 63 -
HIB R FREA 257 0.3 <1, <0.4, 38 1287 (FR R F
21) fy anchor 45 B 5 156 X ISy TE KR A, H AV
FUREAS ;85 0.4 < Iy, IR IEREA,
Xt | R A |

BHS5 RPN M&4H

Figure 5 RPN network structure
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Figure 6 Positive and negative
sample screening mechanism
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Figure 7 Positive and negative sample

screening flowchart
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Table 1 Model parameter setting
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Figure 8 Recognition effect of surface defect of metal shaft
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Figure 9 Mean average precision comparison of

object detection model
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