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Quality Prediction for Digital Detonator Module Printing Based on Improved LSTM
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Abstract; Due to the complex production process and strong timing characteristics of the digital
detonator module printing process, accurate prediction for its quality has become a key to improving
product quality management. For this reason,a quality prediction model for digital detonator module
printing that improves the long short-term memory network is proposed. First, based on the digital
detonator module printing process,the parameters of machine operating , environment and detection
are extracted as the original features of the printed product quality ,and the key detection parameters
are reconstructed in time series to enhance the feature expression ability. Secondly,a digital detona-
tor module printing feature extraction framework is established based on the improved long short-
term memory network. The convolutional neural network is designed to extract spatial features to a-
void the shortcomings of implicit relationships when LSTM mines high-dimensional printing fea-
tures. The global attention mechanism is used to adaptively learn the contribution of printing fea-
tures at different moments to the quality of printed products,and assign different weights to the deep

temporal features extracted by LSTM. Finally ,deep features are used as input to achieve quality pre-
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diction for the digital detonator module printing through a fully connected network. Experimental

results show that compared with prediction methods such as BP neural network , gated recurrent unit

network ,and LSTM , the improved long short-term memory network effectively improves the accu-

racy of quality prediction for digital detonator module printing.

Key words: module printing ; quality prediction;long short-term memory network ; feature recon-

struction

B L 7R A R AL U TR A AR B AR
TP R e DT S B X R T R o 4 R AR A
SR Al AFSU E AR R 1z A
B FL R A PR A AR R (LT TR R O i
B ) Rl FEANAN T 2058 2% A2 B S LR 1
SEMAAER DA TTT 2 W 3R B 4 1) e JH S8R 4 4
PERE , #5 REXT BV A 519 FE AT BT it 0000 n] LA AT R4
e il R AR R

PEAER B A (5 B R G K, 7 il B
PN 7 3% e A D T 08 B Bl B BIL A o A R
o B R BAE AR ML SR A P R P
AN PR A TR, 1 B DG A Al /s 3
5 ML (least squares support vector machine,
LSSVM) HZE5 & 19 22 B /Nt Joi o i
AL B BT ALA T 0 R ST
T RE TR A BB S B R R TR Y i TR T AL
AR it S A 2 1), B VA DB B S 1 T
firs A4 BT et T 0] 8, R A LSSVM. 4 77 125 %
AR it Y B BCHE AT UG AN O 0] LA
AU S it v A e A o T o R v T R
— iR B A B 1 4 S 1) R AL B T A A
Su S5 PR X AR 7 o AR v A 4 R O () R
SE T HETORUBE AR FORL T e/ 3 S ) AL
G, Liu S50 B0 HE AP R 5K e B o A S I 350
IIR) R B T — Rl R TR A %A LSSVM 325
I OT I . IR TS IR A DR T BN Tl A B
5 RO I T EL AT — S I A, (E 77 i ) 2
PRI 2 A R I PR SR N AR TE A
ETEINSITIT S SRS N M BIE 3 TN VR~

BEHE A7 T 27 A OB A2 2% I R PL A%
IR T AR LA BRI RE T A R, TR A
>J 75V RS A RO A7 O B A 7 B ] A AR e
SRFRBETIZ T P R O T R A
BEX 2B A AR 1) v P | 52 2% 1 R G 1 A )
AR T — b T O 22 B R AR R 27 T LAY 7
A TR TR . Wang 251 N R TR L 1R
1k BP BYAAE R IE{EL, X 52 A BILAHG ™ it )2 T Jo

PEATTIN PRI S ] 36 B 22 M 4% (CNN)
ST AN T A T AR TR | DA O ) b AE £ T
FhAHPAR T, RO LABE I TR B g Xt 42, T
XoF 5L AT PN [ A ) — ol i TR B B 2 5 AR
P25 ) 4% (ResNet ) 114 77 LB 453 900 5, A
AR BE T B BURAS AR, 45 1 T T B A
HiZifih 5 CNN AHEE A B B vk . 28 2
T T A 5 e A P fE de s 7 — M B
AR (Attention ) AL Y CNN HIF 4L 5™ i
R, ] A B R A A A R 4 2 T
TR T [R) R, B M T CNIN 5 32 4 ) 1 (W] S A &5
AR TR TN, Liu 50 R i 5k A0 i
AR TR Z M B AE AR, $2 i T —Fh
it 30 0 ) 8 — 7 i O R A AR X [y S
FEXAGE RS HLGAR R 35 o 32, 460 T3 TR
11012 (long short-term memory , LSTM) %25 14 ¥
R T O Ak K ER AR X £ TR
il ot R A Ak B T — A el i 3 K
M ic 12 ( bidirectional long short-term memory,
BLSTM) 45 7= it o 2 WU AR AR, s 2 v 21
X 52 2% il i 2k AR b T2 B s i ) R
ZeRERE, 2 T —Fh 3£ T Attention 5 BLSTM
(52 2% 7 it o T 7 v . Wang 451 Btk Ak
FRAT AR B O [n) 8, it T — AT HES A D)
A g LSTM J¥ 51 AU . Huang 25" &1 X i
23105 b & BN WL A A ) 75 4, 38 i BLSTM f514%
F2HE A IR AR B AS T A SRR AR, X 3 A fif
TS PUAS METIN . Ren 252 415 Tolb & figfb Ak
PR AR BRI T R TR T A 0 A R Bl
2, B AN A 28 B 1 Tl o A 4 1 T e 1
77 it B T

T RO B A R B A 7 T2 A AR R
B (8] [5] B A7 76 B P R AE S 23 IR AE PRI, B
— 1) X 4% 155 1R 25 ) 22 % v 4 A S i Y RH DG R
fiE, 71 LSTM DU B 3 75 4 B A= 5 1 20 1] g I e 4
fif . ARZE4 CNN LSTM  Attention , £ H —Ff &
TUE & 1 HLH B A5 B 1 12 12 ( AT-CNN-
LSTM) M 4% 1) 50 hith B 45 455 2 B ) 7™ i Jo 2 03000



%18

#HOTEF R Tkt LSTM 69 208, 5 & BE 4067 B i 2 TR 11

BORL, RS LL LSTM Ry BEhi, >R H CNN 42 B Ep
il 7= b A B 25 [ RRAE , s LSTM 9725 [a] 2R3k
JFiE LTI A Attention L3 5% LSTM Fei 2
AN PR B BB 22 5 DL 3R A 4
ABEZH B0 ) JoT St S0 2

1 o@HIA
BRI P S AR S R

SMT (TREM

I AR AN e SR L, AR T A
F5 410 W5 2% ( surface mounted technology , SMT) |
BEAH A Te i S8 N W 22 055 AR P IR AR T A 1
Ji7R o SMT L7 F 243 5 458 ELR T 287 i 2hé
PR [ g | JFG vl B85 7 BT 64 245 R0 Jis 8277 il
BT A LR, TEED ) IS 5 283 B B A AL
(solder paste inspection, SPI) JE47 46 A | 56 UF E i
L L B AR BT RS

BEER —» SPIRE —» WH e EREE

\I
|
|
i
ORI - W — A

N

f SE. W
Nl

E1 HEEERALTRE

Fig.1 Production flow of digital detonator module
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Fig.2 Printing process of solder paste
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Table 1 Printing characteristics of digital

detonator module
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Fig.3 Printing quality prediction of digital detonator module based on AT-CNN-LSTM
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Fig.5 CNN printing feature extraction structure
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Fig.6 LSTM time series feature extraction structure
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Table 3 Printing data set of digital detonator module

v RIS R, SULEE BONER, R Vi A/ H
7 i 2 mm N (mmes-1) N T - m? um T 25 SR
1 0.15 37.5 70 9 25.4 - 99.36 111.01 95.26 1
2 0.15 37.5 70 9 25.4 e 95,69 106. 10 95.98 1
3 0.15 37.5 70 9 25.4 - 102.78 110. 51 99. 05 0
4 0.15 37.5 70 9 25.4 -+ 98.03 107.29 97.30 1
5 0.15 37.5 70 9 25.4 -+ 103.28 110. 32 99. 68 0
6 0.15 37.5 70 9 25.4 - 99.86 108. 01 98.43 0
7 0.15 37.5 70 9 25.4 - 102.58 110. 34 99. 03 0
8 0.15 37.5 70 9 25.4 - 98.69 106. 89 98. 28 0
9 0.15 37.5 70 9 25.4 -+ 100. 10 108. 55 98.23 0
10 0.15 37.5 70 9 25.4 e 98.82 106. 66 98. 64 0
11 0.15 37.5 70 9 25.4 - 95.76 108. 31 98.13 0
3630 0.12 47.5 80 9 25 - 112,61 108. 38 106. 67 0
3631 0.12 47.5 80 9 25 - 114.59 110. 46 106. 56 1
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Table 4 AT-CNN-LSTM prediction performance

under different parameters

w b W gy LZEM
Zhit) K UES S
1 ch, - B3, 3 0.001 0.0001  0.0052
2 Cl, - Bl 6  0.005 0.0005  0.004 8
3 cl, -B%, 12 0.010 0.0010  0.004 6
4 ch, -Cl -B3, 3 0.001 0.000 1  0.003 7
5 Cl, - C - B 6  0.005 0.0005  0.004 2
6 Cy, - C3, - B 12 0.010 0.0010 0.004 3
7 Cy-Ci-B,-Bl 3 0.001 0.000 1  0.004 1
8 C,-C-Bi-By 6 0.005 0.0005  0.004 3
9 Cj,-C3 -By-B% 12 0.010 0.0010  0.004 6




16 % M

¥ I XK ¥ F Ik

% 44 %

S AL SR Fe N ST PRI SR FEC), - C

— B3, G A6 P R AN T3] 1 v Al S m RS, AR

RURTIOI P REXT L5 R 5 s

x5 AEMBAKBEMRTT AT-CNN-LSTM Fil 4 8¢
Table 5 AT-CNN-LSTM prediction performance

under different pooling strategies & sizes

Ak g WAL RS kA K FL'
Tei b2 0.003 7
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Fig.8 AT-CNN-LSTM iterative convergence and prediction results confusion matrix
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Table 6 AT-CNN-LSTM prediction accuracy %
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Fig.9 Comparison diagram of digital detonator module

printing quality prediction
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Table 7 Comparison of printing quality prediction

of digital detonator modules %

i MR KR AR F1 {8
XGBOOST 79.92 67. 06 55.88 60. 96
BPNN 86.52 71.57 51.41 59. 84
GRU 82.48 68.78 69. 12 68. 95
LSTM 84.55 77.71 63.24 69. 73
CNN-LSTM 83.72 70. 28 73.04 71.63
Informer 85.52 70. 89 82.35 76. 19

AT-CNN-LSTM  90. 62 82. 69 84.31 83.50
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Table 8 Comparison of printing quality prediction of

digital detonator modules at different times %
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