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Abstract: Aiming at the problems caused by traditional manual chip detection, with low efficiency, excessive dependence
on human operation and high misdetection rate, an RT-YOLO-VS5 detection method was proposed to detect chip
appearance defects based on the Res—CBS module and an additional Tiny—scale detection layer. First of all, an
image acquisition system was built, and a chip appearance defect detection dataset was produced. Due to the de-
fects are irregular in shape, inconsistent in size and uncertain in location, the performance of YOLO—-V5 network
can no longer meet the detection requirements. A short connection was added to the CBS module, fusing the fea-
ture information of input and output, reducing the information loss and optimizing the inference speed. In addi-
tion, a tiny-scale detection layer is added as well, to improve the feature extraction capability of the model for
tiny targets. The experimental results show that using the improved network for chip appearance defect detection,
mAP reached 95.5% , which was a 5.7% improvement compared to the original network. In addition, the im-
proved RT-YOLO-VS5 has gained some improvement in both Box_loss and the accuracy of tiny—scale defect de-
tection.

Key words: YOLO-V5; chip; defect detecting; feature fusion; convolutional neural network
AR, BB BB E S k. LTSS, R R EE 2 B0E T AR, &

JE R R R OO . RIS, R AN PRI AR R A i is T B L R, AR IE
T [ AR, L T R e GTRL AN RSN R A . R Mos g R

75 B #5:2022-10-20

ELT B P EM SRR R A w4 B H (2019M661013) ; Kt BHE - %8 B30 H (20YDTPIC01090; 22YDTPJC00090)
FE—EE RRR (1975—) , Lo 1 RIS, 0507 m y BUCIIAE W4 5 R4 Gl E AT . E-mail : guocuijuan@tiangong.edu.cn
BEEE S H501984—), B 1+ BIEEZ, TEOFSET 1A N ERGAL IS N TR BE DCA LA 5 6 B 5 24 . E-mail : xuwei@

tiangong.edu.cn



% 3 ]

HRSEE 4 BT RT-YOLO-V5 [9BSR g £

-51 -

HOME S A AR AL, AT 7 A — S SN UL, A5 328 |
IR R LR IR AR 25 . B O R ST A9/ NS A
KR, LA R BRI L AR5 A DRI o 8 A L
FEAEBRBE 2 R0 ™ it ST AL 7 PR RE , $R ™ B AL
FrAE SR SRR R 22 A ST o B8R AR IO FH 4R
XF e A AR E P S AN — B EOR B . I, 7
SRS o A R A7 R B 198 R Pk 2R G E B,
T IS AN A R A, FRT R 2R
PSRN TG N7 ik AT A, AR WL T4
MR, e BBk RE M Ve T o SR, 3275 VG i
18, ZH AN A5 BRItz 4, N TAS
HlpRr RN o NSNS AN S = ralllf ) s
R EL 58 RS B3 B TR 55 o SR AN A T A 7
LA AL, Chiou S5EPTE SR (4 [ 45 rp 4 BOPE 4 IX.
S, IRJE SR I A5 S A S B T DX P 119 5 o
B, IFPRIBURHIEAR B, WP RFEHEF T 732 Jin S5 AT
— R BRI A — R e S5 BB AR AT E L], 3T
SR EATTI, FFREATRAE RIS BRI A
WFFEN G SR AR LIS i = 5 R RS S L as
WLTETT IR A AR I SR E BEA TG . HILAS LA I
TR EARZ A RN AR A 770k  (ER AT AT
IR RCRAE R SR A R, AL
WA T VR AR By 2 BDC ISR R e, i ELAD IR
2%, B AP HRER DN o b R — 4 A BRI, 7
TR I 22 e i I L BE A I 22 Pl [R50 23 e
G HE 5 R TC VA RN A2
UTARSR , P BRI 2 ) 7 I B PG A B B T
PESERIPERE , IF T Z I T Tk ARV RE 4R .
BRGNP G TTIEM L, BRI A BT s
PG R 2 ARE S5  RIE VRSO e T
Ml B B PORG BE , Li SO Y — bk T Rk Y

.................

YOLO-V5 Fl Optimized—Inception—ResnetV2 B [ Bt
Tk AGIUAESE, ZHESE @ I H] YOLO-V5 SE 3 ik
[ RE AL, T Optimized—Inception—ResnetV2 $2 BB [
FRARRAIE , S BLREA 19 0 2 L H 2 M RERL SE R R 2 L
BB, Xu FTE VGG-16 H i FHIHFFEZEX , LI
R PE BE o Huang S5 H YOLO-V4 BIAIXTE -k
FAVEATAGIN , 38 9 e TR R R R YRR, A K-
means++3R T X ERAEHTO0AL, e T/ E AR
KA FE o Shu S5 FH 23 8] 4 Bt A (SPP—net ) 1Y
D, P th— M o473 ) 4 T8 AL I 2% (PSPP-net )
RO T LED S8 Fr 2R 1 i i 22 A A T Y B AR
G BONTE LR R BE U Rl FIRBIFE S8 0 96 1T
JE A ST AEAG I WLk 5 5 T 1) 000 S 1 R L AHL R i 2 >
TIEEATYIRAFAE /N EL RS AGIHS AR i) [P R, PR b 7 2 —
Fofr/IN AR A v LR PR e D LR B A
o ASCHH T Bl RT-YOLO-VS5 Y05 - k16 i
BRY, FFET XS /N H AR A A R IEAT et o ARDX
THAMAG AR 2R A AR e R TG RS
1o AR, T AR R A R 4 ot oL
ARSI A RICR , BRI

1 Wkast

1.1 YOLO-V5 &5

YOLO(you only look once ) Z 51| {14 o 26 45; Il A5 14 m]
D PG I 28]ty SRR ) o7 B S 2R 8, fffk i3
B R S IZ RSN ELEG YOLO™ YOLO-V3™ YOLO-V4!'
LA YOLO-V5!"W§ A SCAf A YOLO-VS 9 48 A5 764 512
IR O] SR T el IR alll = BiE = ¥ SRR AN
K B o A A A B B A B b, DASE B S
Y, YOLO-V5 #5AI4I 45 BackBone M2 \Neck ¥
LA K Head W%, G 1 Fis

NG

{640 x 6403 |

.—>.[ CBS J-{ cBs J{c3_i_1}{ cBs Jo{c3 21} cBS }»{c33 1} cBS }J{c3 i1} sppr
a T

((Upsample } {_CBS Je {c3_12] {Concat } {Upsample J« {_cBS Je
Concat ] [ CBS ] [Conca) [ cBS )] [ Concat J——-od
C3_12 C3_12
""""""""""""""""""""""" ) Qe
80 x 80 40 x 40 20% 20 pomeeeeennes
x 255 x 255 x 255 i Head |}

1 JR%A) YOLO-V5 %244
Fig.1 Original YOLO-VS5 network framework
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Fig.2 RT-YOLO-VS network framework
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Tab.2 Results of comparative experiment
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Fig.8 Comparison results of three network models
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