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Packaging defect prediction method based on PSO-CNN algorithm
Liu Liping

(' Nanjing Vocational Institute of Mechatronic Technology, Nanjing 210000, China )

Abstract; According to the common printing defects in packaging production, various neural networks are compared to provide accurate and
reliable control scheme for the prediction of similar packaging defects. In the actual defects in the production of a cigarette packaging, for
example, according to the different packaging defect decision statistics process for input, and then after pooling multilayer connection finally
get neural network, and then through the introduction of PSO-BP and PSO-CNN, and with the conventional BP neural network and CNN
neural network efficiency comparison. On the basis of the establishment of the control scheme, the input characteristics of the unified
packaging defects are determined, and compared with the normal packaging characteristics, and finally the various stages of the whole type
of packaging are calculated and finally realize the benign evaluation of the whole process. After the neural network strategy analysis and
particle swarm optimization algorithm, four comprehensive prediction network schemes are constructed, and a variety of packaging defect
prediction results show that PSO-CNN has stronger prediction accuracy than the other three networks, its prediction efficiency can reach
95.8% , and its prediction time is 18. 2 s. The original neural network model is effectively optimized by using a suitable particle swarm
optimization prediction network scheme, providing scientific theoretical support for the practical application in the related production process
and laying a foundation for subsequent research.
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Fig. 1 Packaging convolution neural network structure model

1.2 WFEHSEREZX

R R AL SR TG TR 2 M 248 ok #E 1L
P 7 2R IR A AR A A B R TR T R
B AR R T T S5k ) 4l A A, AR e T a
BT AR I 2GR PR ) AT AN A SR FR R A A B,
A AT AR R ) A PR A AE TR R R, AR DGR
FREPLBE I, BRI AL AR I H AR 2540
i AR AR BT AL A PRISEAS [R) 1T B B R AT )
ST IR | i 24 AN W 2 AR 15 38 HL e 2 ) op e A3 A
T IR I T A s R 2% G e ki AR
AT DL 5 X 45 PR BE L RRAE B IOCRTRE U0 B o ot |, O
HORLF AR P 2 (A1 B P8 0 S AR SR L W F 4 ) i
DLt @ SR SCHT R H B @ M, B RRL 5 I 78 i 25 (B] A9 4
FEDLE , TERFREE L B B MR AR AR N
AR SRR, MMREAR AR )RR L
PRI R R B S A 4 R e A i 42 S8 S AR R
A BB S T i AR L AR LR PR
EMEAR B FERE L, T DARIE R TR i sh i BT A 2 R
LR T B Bl A5 AR N SR P AT AR AR Lt AR rp
F AR T o AN SR PG A 1 4 )y d5e O A A b R AR 7 v
i A EEAA O, MRS RV R X A B
FEAR R R R A AR B REZ . S ILRIET, 4R
PEAf iR A1 W) 50 25 48 AR S DL A 1% Jr 1) g i, 3 o
WS [Rk £ A BT 5= L VA W3 e YA RS [ 18 it =g B
i, RIS A6 A S 0 R 4 Jm) B A i 2 (B R 3 T — > F
5, 76 FaR A IERE E AT LUERRL AL R

V=V, +an(¥, - X)) +a,n(®, - X,) (3)

ooh, V. R 2R VR T B R B ; n Rk
BB s @, o, FE7525 30 R B0, HW B B0 53 900 1. 4 0
1.5,4EfF 4 16,

LT BRI AL B (A% O 7 T X B AR 228 0 46 A T 3k
1R, G5B TR A R B TR B ol o 28 I 46 1 11 24 454
4 BB R LR G 15 52 S B Ak B b, T R

S RN TR VAR R PO IR < i DVAEISD) 1, G A ¢ X RPN SR D AR S
RESHFRMEE A RAE T O ERA A58 Hohm
TS R AR T A SR B R, R AR A
SRR AR, %055 T LAY B SRS AT 45 R T i
R4, HRR i A an &1 2 i

R B
RIFBH i
BT RERE % i AU
Wi . [ = |
l PEARIKEL KLF R
M INEEN H e e
WA T3 T
| P
L& n%/l\i%%
REfi HI |

| wetse |——f wru |
2 NMFBEREENRE

Fig.2 Process chart of the particle population convolution algorithm
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