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Flexographic printing pressure prediction method based on graphic feature information
LIAO Kaiyang, DOU Jiaxin, WU Jimei
(School of Printing, Packaging Engineering and Digital Media Technology, Xi’an University of Technology,
Xi’an 710048, China)

Abstract: Printing pressure is the fundamental guarantee of printing quality. In order to reduce
the high dependence and high price of printing pressure prediction system, a flexographic printing
pressure prediction method based on graphic information is proposed. By analyzing the printed o-
riginals, the using method extracts the three kinds of graphic feature information: the original
graphic area, the graphic distribution and the maximum gradient value, thus establishing the im-
age based on the graphic feature information and the optimal printing pressure prediction model.
The experimental results show that the method can effectively predict the optimal printing pres-

sure and reduce the dependence of printing pressure prediction system and high price, and it is of

great significance to the intelligent development of flexographic printing machine.

Key words: printing pressure; printed original;

UTAF S BB APRHROR | T BRI ED i HOAR 1Y
R theat D A v B A AT 8 R O
SIS 80 PR 2 A 0 T A AR T 3 A B R
1632 JE LA AN T 7 L SREN =Mk H B 52 3 L o [ 2D
M T & 8 PR ORI SR T B B 2 AR AR I AR
FE A B 2 — Rl 2 T 0 BRI B 7 0 G )
JEE T M1 R A B R g, TR ) RNl R Sy 1~ 3
kg/em?® , i F7 9 R A Al #0206 B0 Al Jo AR 7 A
AORZE . AR B o/ W SR F e R A L L
HCE A A RE /N R RN R R B B SO B A
SRR UE 21N PEEPA PO N L L1 D= AN i i = R L

R AL 2019-11-04; MKZHARBHE: 2020-07-17

convolutional neural network; flexographic printing

R B b DU T B R B L B
el S 5 2 G SC R 4 9 i B RR 45 . [ R
TR 3 E0 06 5 2 e 5 R 7 5% Bk A 4
B
S T BRI PR 3 19 8 5 7 20 LR SR

7 1 ) Y2 1 TFHLTRER 9 2k, O R < e A
5 2 SV 9 06 D D P 3 T LR D L AT 6 B
i AR 10 R R 5 R R 7 19 S B D
4 SR PSR A B L R 2 AR AR T LA R T
HE PR ELR e T RO BB R
— R BOBST Al & T— &6 E ) A Bl R 5%

I &% H AR ik« https://kns. cnki. net/kems/detail/61. 1294. N. 20200716. 1722. 002. html

HEETH: Py AARFEL T H (2018 M5023)

E—1EE: rﬁl’ﬁ 5, Tﬁfﬂﬂ’ﬁﬁ ﬁjuﬁﬁj\?m%% L }\IE‘A'“

BIEEE: &

E-mail: liaokaiyang(@ xaut. edu. cn

BEEM 2B 5 F . E-mail: wujimei@ xaut. edu. cn



BT B 2%« T 1S 135 16 22 9 E T 1 00 1 9 563

RN A R 7 . S TR LA B B e]
EAEARAS A 1 R BN R g o 3 iR O B AR 4
Bt e PR T PG ROBIL A AR 35 010 R B0 800 R 4
R A5 S UG R HL ) A . = ki
P T — i RE T AR 28 0 4 Y S ED R N R 4
T PR Ji U g s LB AR AR A R A
FA T S A I ERDIR SR B RRUR R 4% B
JE T i iy ST TR T A AR R 2 R 2% ) SR EN R D
PROAS R o Aol BT R ) 5000 28 2, 504k A B
TR R AR S B R B AR R A

P B0 1 3R = FhO7 SR A7 AR YA 2 AR 308
YT — ol T P SCAE R A SR R S S50 5
7 38 1 Xk BNV SRR B4 0 B . B BT ISR [ ST
TET AR V1 S A e Kb BE (I = R AR AR A5 B S T
V] SR - S5 R e A2 Yl s g 0 000 A 7 e 3 ek
FH R E T AR A AL

1 WRAZE
1.1 [ESTiE BT

B2 I BV R iR 1] S S A L 455 PRI ST AR
VS 3 A Rl e KA FEAEL . Y s g 5 11 SC T AR A 1]
SCo AR B AR S AR AR [ R 4 PR SC IR R frY B
R BRI T 3 70 5 1 SC TR AR /I B4 BRI BRI 7 5 HL
A 11 SC 4 B T 3 32 J) L SC R 52 0 PR ke 3
78 4 4 BT ARURR AR A P SO A R AE . Ah, O T
45 RS B RRAE R I8 B A T RHR I 4 A5 B —
77 T V& SCHY 10 G R 8 R B TR 35 95 — 5 T i A
SIGOR T SCT R R RS Y R P AR G —

TEA R AIBE B . HE G EG hA B ECE
T 43 B B AL 1) A8 Ak A8 /N DU 7 1 o 32 A A D
PRI I R AT T 5 T TR 1 e OB B AR A1 ok sz ke AR 1)
MGERY .

T R 3R B2 R 5 AN TR) KN B8 4 €8 5 R
Frbr AL b B2, iy T D 150 3 A Y 43 B R G
300dpi, Hi i Bk pE Ik A FIL220 #HL4H 0 BN ML 2%k
AT LAAS S H A R A9 J R 96 1350 mm, fie K
KR 800 mm, [ UL & 15 AT LLAS 2 # H 4 4
Ji R 1) e KAR R R /NZY 2R 16 000 X 10 000 dpi. #4
0 43 SR B KAR A S bs ok 0 43 €6 R A 1R
0T RSB /IN B 43 €8 D A 2o 7E AT T RR
SEANIK BEAR 255 5 DT A5 21 K /N AR [ A 43 €6 S5 R

Pl S 3 A A B Ay VLA D ks A o B A R 43 Sl —
AN U] B XA D DX 3 S T B4 DX 35 T ) 43 4
RO S 50 2 SR TR DA ) o B 2 D)
TR (8 3 R TR R T A% K] 43 B i D, ) T
TS T8 )RS A P 2 TR IR AT BT I R AT I A 2l
43 28X 28,

P S T BB AR e e R B SR s R AT
A A AR U AL L AR KA B Y A BR
A A% Rl 3 6 BRLAS X A% DY 1 P AR 43 S0l A7 X S b
0 IR GE TR X5 S AT B AU . K
Hofs FBEAEL 0 143030 0 B89 Sobel #6557k T
2 R 1) B L 1 Ao R R SR R AR O B A BB
PG SR 5 A5 2 A 6 3 BRUAGGHEA T A 0] 43, 1153 X
Sl e KA o Foe A BB

FRAESE UGS FE DL 1,

AR X T4

—_——

: Sobel 5 [ H T v
BORBRBENE —>1 BRFIBBEE — AARIBRIE B EERE H—— X
i . ” T T

[ e |

ST - eRe kR
1 ; -

F1 RRAE £ G

Fig. 1 Graphic feature information extraction process
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