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Tire defect detection method based on improved Faster R-CNN

WU Zeju", JIAO Cuijuan, CHEN Liang
(School of Information and Control Engineering, Qingdao University of Technology, Qingdao Shandong 266520, China)

Abstract: The defects such as sidewall foreign matter, crown foreign body, air bubble, crown split and sidewall root
opening that appear in the process of tire production will affect the use of tires after leaving factory, so it is necessary to carry
out nondestructive testing on each tire before leaving the factory. In order to achieve automatic detection of tire defects in
industry, an automatic tire defect detection method based on improved Faster Region-Convolutional Neural Network (Faster
R-CNN) was proposed. Firstly, at the preprocessing stage, the gray level of tire image was stretched by the histogram
equalization method to enhance the contrast of the dataset, resulting in a significant difference between gray values of the
image target and the background. Secondly, to improve the accuracy of position detection and identification of tire defects,
the Faster R-CNN structure was improved. That is the convolution features of the third layer and the convolution features of
the fifth layer in ZF (Zeiler and Fergus) convolutional neural network were combined together and output as the input of the
regional proposal network layer. Thirdly, the Online Hard Example Mining (OHEM) algorithm was introduced after the Rol
(Region-of-Interesting) pooling layer to further improve the accuracy of defect detection. Experimental results show that the
tire X-ray image defects can be classified and located accurately by the improved Faster R-CNN defect detection method with
average test recognition of 95. 7%. In addition, new detection models can be obtained by fine-tuning the network to detect
other types of defects. .

Key words: Faster Region-Convolutional Neural Network (Faster R-CNN); tire defect detection; ZF (Zeiler and Fergus)
convolutional neural network; Online Hard Example Mining (OHEM)
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Fig. 3 Improved ZF convolutional neural network structure model
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REEAER 5 15 R TOUAE B 22 ARSI 45 SR A L, et i 8 AR P A 0 25
RATT WL A, R BT 10 S i L2 A e R0
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Tire defect detection results by improved Faster R-CNN model

HIZALRE T 455 10 BRI ES AN SR 4 1 ToU B T AF T - 53K 6
= T ToU (B AH L85, Bk JS Faster R-CNN 452 3 iy i 0 245 2R 119
ToU {EL#2THIL AR, R A E J ) Faster R-CNN X 42 Jif Bk B EA T
R, TCif % S ) e AL kB I R TTAR B, #RRETE$R
TR BIAER A A TRl 42 55 1 RORE B
2.4 HMERLEER

HHET Faster R-CNN 1Y B B A0 )7 ik ek 1T I 1) A6 2%
AT RS, Pk IS O R C A SO s

1) PS4 K6 4 FE 48 (mean Average Precision, mAP) .

SEH R T mAPAE A % i b 6 I M R (RS BE PPN 4 A
mAP (B, D275 B (8 1 7 2 A6 I 45 SR S 2B R . mAP
18 KN 5 HER R (Precision) PA M A3 M1 2R (Recall ) B 3%, TE4E iR
SR BRI e, X T R 1Y L S A1) 5 AR AR 2 ) S SIS
Y1440 43 K« HOE B TP (True Positive) | % 1E ] FP (False
Positive) . 2. 52 71| TN (True Negative) DA AR 2 5] FN (False
Negative) o
%3 Faster R-CNNARE G R Gt 5N 48R ME

() KalFFH

Tab. 3 Statistics and evaluation metric values of detection results of Faster R-CNN model

e _ ‘ Hod st ‘ RAEEL7Y
R flLiod K 58 W% TR /% TR /%
JiE 054 57 7 3 67 85.3 10. 4 4.5
iR 42 10 2 54 78.6 18.5 1.7
At 17 16 13 41 38.5 34.7 19.6
AR 24 17 10 51 47.6 33.3 19.6
Ha AR 39 10 7 56 69. 8 17.8 12.5
SABUAE 179 60 35 274 65. 1 21.9 12.8
R4 Faster R-CNN#EEE I 25 R g iAHERFRIA R B2 FFEE
Tab. 4 Bounding box coordinates and ToU of Faster R-CNN model
[FEE S GT a0 A A GT size /pixel Det size/pixel 10U/%
S 54 [113,91,190,240] [118,96,166,180] 20x45 23x20 57.1
f i) [165,144,180,167] [162,150,180,172] 36x25 36%20 59.3
At [165,91,180,131] [0,0,0,0] 47%x40 0x0 0
JE AT AR [161,178,125,135] [161,165,178,113] 80x189 92x138 53.9
AR ETTAR [146,120,178,131] [162,117,168,135] 126%35 83%40 61.2
RS G Faster R-CNN R B 45 R G5 S M IS FRE
Tab. 5 Statistics and evaluation metric values of detection results of improved Faster R-CNN model
e B git RRHEELD
TR TRt A B 12/ % TR 2/ % BRAR %
a4 65 2 0 67 97.5 2.9 0
Jif 56 5400 52 2 0 54 97.5 3.7 0
s 42 3 1 46 91.6 6.5 2.2
JE TR 49 1 1 51 97.6 1.9 1.9
Fa e AR 54 0 0 56 97.3 3.7 0
BBUIE 262 8 4 274 95.7 2.9 2
F6 BT Faster R-CNN AR BV i 25 R BAE AR AR 2 FFEE
Tab. 6 Bounding box coordinates and loU of improved Faster R-CNN model
BlpEAT GT R A GT size /pixel Det size/pixel 1oU/%
EYEERY] [113,91,190,240] [108,96,169,256] 20%x45 18x46 79.3
SRR [165,144,180,167] [156,120,160,136] 36x25 25x32 87.9
(! [165,91,180,131] [159,89,176,121] 47x40 43x42 76.2
EHIUBARIES [161,178,125,135] [161,180,167,115] 80x189 85%203 65.8
St AR [146,120,178,131] [164,143,181,135] 126x35 149x37 75.7
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F M5 K T Bt Faster R-CNN 89 6 15 5 /g 4l o 5% 1945

TR < P LI A o 5, R T 45 2R b e 40T o5 19 1L
=, WS s :

P =TP/(TP + FP) (5)

A [ 5 R 3 fifAis 4 4%, 3R ELSIERE ] Hh A T OE 4 )
RGBT S A ECE, A (6) T -

R=TP/(TP + FN) (6)

TEXTRE i XOGIE R AR Bedn B v, B REAR SHO N,
Horp A R M IR 280 1] ARG M A>3 e, X T8 RAE AT
DA 0 T R ) e R HERA R P, SR 5 X3 MAS P ARG 2
A5 R 5 #Y mAP{EL

I HERT R mAP E SLUNF
I, = j;P(R)dR (7)

Faster R-CNN 2CHEFI 5 Y1 25k 1 AR R 70 46 G BB B
H R 5 SR AN R 7 BrR .t 7 W1 LA H OCETT Y Faster R-
CNN X 56 iR S 0 B 14 22 57 TR SOR e 22, R O P AR Bk g A
TS RAANAE | X6 53 S = Tl i 5 D S50 o AR X - 2 o A v
T WOk 2 A R % A L B B (FR SR R DR B A
ARG 5 T AR SC 7 ¥ X6 4% 248 U e o G I 235 SR ) mAP {388 e, Al
RO

&7 Faster R-CNN B BIFAI mAP LE 8 BAL: %
Tab. 7 Comparison of mAP before and after
improvement of Faster R-CNN unit: %
BT et i B IR (RS 2)

Nl 549 80. 29 95. 10
e 78. 83 94.98
i) 38.96 89.25
AT AR 48. 65 95.32
NI AR 70.12 94. 67

2) BT B0 ~F 2 A T BsF [ X6F L o
3% 8 AT LA th , A i I ~F- 24 0 e [i] 64 A ] , 4% 3¢
D7 55 B T )0 T A A R R A UM ME B R
R (SR e e i A AR KW BT, Sk iR P e B AR,
PR INI76 i 7] (oAl S
8 Faster R-CNN B RIS M F KM ELE BA4L: h

Tab. 8 Comparison of average detection time before and after

improvement of Faster R-CNN unit: h
Trik I A
Eeiiat] 3.6 0.28
etk JE (R 3T) 4.0 0.26
3 HiE

AR SCEE T Faster R-CNN AR5 ify ok b A7 4G 00, T
USSR I SR RIARIC H SR 0 8 o A T4 BR B BEM T K
FERLATT S U SRR S HEAT AR B 35 T F AR AT S 22
5t 5 HUK, X Faster R-CNN Z5F #EAT 1 Beitt , 15 451 503 %119
LRI L5 AL K ST RPAE SR I ZF 45 PR 28 P 26 1) 2 = 245 TH
FHIEANSE TR B FUFIEALS &, 95| A OHEM B3 , (i fiHe &
AR IR RN T Iy L o e 6 4 G 0 ol 3 R 4 T
7 HL AT AR /N SR B F AR, 3271 T Faster R-CNN AR
AN R A JE 5 30 3k X L A A ARSI 45 2R, B0k 1

YO S S A SCR S, MM, ELASR I 3 [l 4
AT LA A T B 2K
BRI, A SO SR B9 5 25 7T LA ff b s o7 010 50 56 i X
G IEIAG r AR R B, L2 o8 98 10 SRR Fr9 A ke o 1 4G 00
SERARXSAE , R AR TR A IR sk B R A5 o, W] 45
o B | TEIEAGIN 7 125, XoF 300 SR X AR ) % Ji AU dofe o i)
R T HE— 2L ORI
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