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Abstract

In the industrial production process of new energy cells, the surface quality inspection of the blue
film of the cells is an important task to ensure the quality of the finished product. To solve the
problem of small blue film defects and low accuracy and efficiency, an image segmentation algo-
rithm based on Resnet50 residual network is proposed in this paper. In order to improve the de-
tection capability of the blue film defects of the cores, the algorithm first cuts the original image of
the blue film obtained from the shooting to determine whether there are surface defects in each
cut area; secondly, it uses the Resnet50 residual network to perform secondary image segmenta-
tion in the area obtained from the cut d, which greatly improves the efficiency and accuracy of the
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blue film defect detection of the cores. The experiments show that the method achieves excellent
results for the detection of blue film defects in the cores.

Keywords

Metal Surface Defects, Image Segmentation, Cell Blue Film

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

L LS T S S RV R B ORGP T, AR AE A P AR oh i T A R T S BO 2 A AE
RIMBAATFORIG, HEERACR, K& SBULOAAAE L 2R, TERAMES AL HERCRIRT B
KRR ML, IR SR P IR 22 2T B 07 sUSRBUR AR GE N T HRE AR B PR RO LA LS8 77 &
FE THDR B — 37 5 B RIAE AL T LB AR SR ROR AR T Rk 2 R I Sk Z 2 Ak, SRR )
TIERfFIZ L JR BRE R H AT ELBCH A -

55U IR 2 217 AR B AR SR o R S IRk B A I AR 2, SR 1 2T Resnet50 731 P24 24
B AT ARG RIS, 2R E RSN RGN, HARCRIER S T RCHERR . ke
AR SCAAE P 24 580 1 I 2R B S AT SRAS B HERA A SR AN 45 2R o A SO0 32 ZE 5Tk N

1) FEHE FAL BB BOR R BB REAT #BY, ead Bl i 93 5 00 1% 605 5K i A i B R e 1), A
T A R R T R B A 4

2) X HIE I B EHRBEAT R, AR T A 2R I S AR A 2 SR DA R SR Tk e A FR A 0 ke s e et
)5 %

3) SR Resnet50 FRZ 25 % B PG — 0 70 1, R BB SR I e 4 EHUS T M7 RCR, W RASK
SIS N 40 /IR B o

2. EXI1E
2.1. BT

TEIR B 57 >0 IR R e o U 00k [ P A0 22 5 0047 1 — R BB FE[1], Kang [2]RFHERE ZMagmd2%, FIH
FLAR 2 A AR I 4 2% 7 R P BB . Youkachen [311# F MSE #4452 DA K B8 H 3 4i i 2%
(Convolutional Autoencoder, CAE)# 1T EMGRIE &, KA —F B L AR A7k, SREUEL 0 2R TH SR 40
FIHEE R . Zhao [4]5: 4 R 6 B 5 B /5 I EEOR FH LBP Sy 4b 28, S8 )5 R FH 2 772 M H GAN
I CAE #F47 2 [k e R 1) F e o

2.2. E&B5E

BUA A PR 2 ST AT SRBE AN ik, BONSEHER) 70 B4 it 2 1A R 45K, (£ U-Net 5
LR (FCN) LAl R TR 5] X8 RIR L8 AT —NARMUE K 56 4 B 5 A B 1) 4 # T DA 2L
ARG RIHTI[6], UTEERAFIF A 9 i 7R AT SRR B W %S, Rumelhart [7]%F i 42t 1 H %9
B, Bourlard [8155XS HEAT T VEANAIIRE . SRTIAE RS Tl AR o, SR AR X R B AR 4

DOI: 10.12677/s€a.2023.122030 304 B TR R


https://doi.org/10.12677/sea.2023.122030
http://creativecommons.org/licenses/by/4.0/

B, ME%

ANe SRTATERBE MR A, SREEFEARD . SIEA/N S EOCTE SRR 2R 3, Tovk 2 Tl B
TR[9]. FESLIT CNN 285 i 5 A 7R 2 BONN R G0 8 2 H IR B 3 O B IR ME I IR R, R 2 IR I X 4 ] DA
BRWS, BT RES 1B R [ 10], T Resnet P28 58 SEARME TIX AN RE, KESZIER I, Resnet50
BA R pEIERE, HEMEMEE, BEMHFIRZARESI[11]. ACEIT KA Resnet50 73 F] B 2545
A, RS HS I B AR E AT BRI SLEG,  BOUE 1A ST VA AT AT 1 DA R AT K
3. HRER
3.1. WS REX

URIE 25 2] R e s o PEVG o B0 A — R A S, AR e TRER R EE 3 n, K& Trm, mie T
FURBGRLL, HARHEEWA G, ZECYE—NREIE 2 38 E e SRR Z R
Resnet 2% 3E 1 5] NIR TR ZE B o T X MR AL M) . LR I ZE B8 2 HHE, 5 s 2Bk T — 228z,
SR ZRIREC R, FRZESMMH—M shorteut MR, 1ERHIERERERRZM 0. BN 5 &5
BN, TRk

Y = F(x)+x D

X, x A E—EWEL, y RedkEYd B a R, B—kERgGma s 3 MERZ; Resnet BT
WX 26 &8 vy 1 5 EL B A 9 K I T RE , DRI A o G AR BE A R IE R BN 2%, an P 1 B, S A\ BB 4 resize
WHE, 23 7 x 7 B SRR, BN 50 BERRZERY, &G4 3 x 3 s EAEH o E E . AR
F Resnet50 (%%, 7 [ fill (6 B B0 45 Bk AT 1 S5

| 4

el L[] Lol | | @
1% I

224x%224x3 Tx7x64,2 3x3K 3x3IK o R

MAEB
1024x1024x3

Figure 1. Resnet50-based cell blue film segmentation network structure with residual blocks
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Flgure 2. Original blue film image with defective label image
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Figure 4. Image segmentation prediction results
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