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Chemical fault diagnosis based on multi-scale fusion model

Yang Xiaogang Xia Tao
(School of Information Science and Technology, Beijing University of Chemical Technology,Beijing 100029, China)

Abstract: Aiming at the problems ol poor noise reduction ellect. [ailure to distinguish the importance ol multi-scale
features, and insufficient extraction of temporal features in the current fault diagnosis of chemical processes, this paper
proposes a chemical fault diagnosis method based on multi-scale fusion model. In this method, the attention mechanism
is combined with soft threshold method and multi-scale learning respectively, and a multi-scale deep residual shrinkage
network (MDRSN) is constructed. Moreover, the extracted multi-scale spatial features are sent to the bidirectional
gated cyclic unit (BIGRU) to further extract temporal features. Compared with the single-channel network, BIGRU
can not only complete the learning of past information, but also complete the learning of future moment information,
so more temporal correlation information can be obtained. Finally, the modified Tennessee-Eastman process data were

used to verify the classification accuracy of 95. 08% and the recall rate of 94. 76 % , which was obviously better than the
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comparison method, and the effectiveness of the method was proved.
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network, CNN)ZIREE 22 ) h i AR Z B Jrik, X
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H A £ BBt B B R 4% (multiblock temporal convolution
network, MBTCN) 7 AL & BCRE 3 Bl 9.k 15 19 TE
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3 MEXBRSERSH

AT BRI F B E 3 FTR, B T 5%
BEZ, AXESNMERZEMATRKXBAZ MK
MNA 2, B ATHRELMAEBE/HE . AT
softmax E AT M A T W2 dropout 5 &% # 2, L
dropout ZHIK/NA 0. 3, 1 H 2 BT 5 54 5 128 7
64, FEBMEMEELRMAT L2 ENLHLE, EW 25
0. 01, FEME R A - B B, o FH T X 24 2 R AL iR 2y R
YEF Y Nadam $46 28, #1465 2 3% & 24 0. 001, fifi F 52
SUHR R B B Rk R B

R T RBp R SR L TS RS R R R A
b, AR X BT 1D-CNN, GRU, CNN-GRU, MBTCN,
MSDACRN 57 3¢ fif #2 H 59 MDRSN-BIGRU R % £ 47 %
e, 26 1 A3 T oA RRAS R A R AR 44

%% 2 B8 T MDRSN-BIGRU 5 H Ath )5 %7 TE i3 #&
AR 2 RS B (Precision) 18 [ & (Recall) , W3 2 7]
VISR W MDA 3088 B2 A [R] 23R A48 b5 1T LR, %
F MDRSN-BIGRU f# 12 Wi 5 2 30 5% B 8 4 F HoAth oy
e, AR RS BE SR B T 95. 082, & B A A T o i
1Y TE HL AR A i, AR 28 30 5 B AE $2 BU A 1D-CNN £ 3
2% A 28 1 LA 80,87 %, 4 Lt T 1D-CNN, A
FR e DT A5 BCIZ A8 1 B9 GRU W 4% £ BLA R Z o
U, i W B B AREALE FE 0 AT s B A 25 B b HL AR T A B
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1D-CNN Conv(64)-Conv(64)-Conv(128)-FC(300)-FC(21)
GRU GRU (128)-GRU (128)-FC (300)-FC (21)
CNN-GRU Conv(64)-Conv(64)-Conv(128)-GRU (128)-GRU (128)-FC(300)-FC(21)
MBTCN 4 X (Temporal residual block X 3)-Concatenation (400)-FC(21)
MSDACRN Wide Conv(128)-MSDAVC(64)-MSDAVC(128)-FC(100)-FC(21)
F2 oMEAMNBESZEE

ik 1D-CNN GRU CNN-GRU MBTCN MSDACRN MDRSN-BIGRU
gt e P R P R P R P R P R P R
Normal 0.613 0.423 0. 787 0.585 0. 807 0.939 0.873 0.901 0. 880 0.911 0. 812 0. 828
Fault 1 0. 960 0. 854 0. 856 0.932 1. 000 0.961 1. 000 1. 000 1. 000 1. 000 1. 000 0.961
Fault 2 1. 000 0.718 1. 000 0.933 1. 000 0. 980 1. 000 1. 000 1. 000 0.961 1. 000 0. 953
Fault 3 0.327 0.884  0.789 0. 605 0. 826 0. 876 0. 864 0. 860 0. 842 0. 821 0.538 0. 845
Fault 4  0.741 0. 444 0. 740 0.638 0.917 0. 884 0. 899 0. 845 0.795 0. 816 0. 877 0. 785
Fault 5 0.753 0. 845 0. 855 0. 879 0.938 1. 000 0.943 1. 000 0. 960 0.971 0.972 0.967
Fault 6 1. 000 0.708 1. 000 0. 999 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
Fault 7 0.831 0. 847 0.796 0.941 0.953 0.961 0.934 0. 946 0. 904 0.976 0. 909 1. 000
Fault 8 0.947 0.979 0. 988 1. 000 1. 000 1. 000 1. 000 0.962 1. 000 0.957 1. 000 1. 000
Fault 9 0.510 0.456 0. 465 0.717 0. 812 0. 876 0.733 0.913 0.631 0. 839 0. 782 0. 822
Fault 10 0.553 0.834 0.731 0.756 0. 875 0. 959 0.861 0. 900 0. 889 0.963 0. 803 0.970
Fault 11 0. 929 0.924  0.976 0. 947 0. 995 0. 964 0.993 0. 941 0.995 0.961 0.973 0. 949
Fault 12 0.691 0. 991 0.999 0.979 1. 000 1. 000 1. 000 0. 966 0. 980 0.978 1. 000 0. 970
Fault 13 0.986 0.651 1. 000 0.767 1. 000 0.953 1. 000 0. 967 1. 000 0.942 1. 000 0. 930
Fault 14 0. 966 0.996 0. 987 1. 000 0.962 1. 000 1. 000 0.978 0. 959 0. 995 0. 982 1. 000
Fault 15 0.502 0.463 0.517 0.652 0.929 0.793 0. 800 0. 813 0. 840 0.727 0. 863 0.730
Fault 16 0. 845 0.623 0.675 0.812 0. 997 0.903 0. 879 0. 826 0. 994 0. 896 1. 000 0. 854
Fault 17 0. 877 0.917 0.971 0.971 0. 987 0.988 0.973 0. 997 0. 987 0. 986 0.958 0. 930
Fault 18 1.000 0. 988 0.999 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
Fault 19 0.998  0.536 1.000  0.642 1.000 0.864 0.957 0.798 0.994 0.831 1.000 0.723
Fault 20 1. 000 0. 826 0. 886 0.912 1. 000 1. 000 0. 955 0.982 0.996 0. 986 1. 000 0. 957

avg 0. 809 0.754 0. 857 0. 839 0. 926 0.912 0.936 0.933 0.935 0.929 0.951 0. 948

75 009 )1, 55 A0 1 PR 2% A L, 1D-CNN 5 GRU 1§ 51 5%
5 28 ANA fl 5 48 B Al 48 1 T 2 4 AE L 3 B 8 1R RO T 4
fE, HAMACE S90S BE 32 ) T 92. 59 % , 3% 7% B 8 % [ e 32 B
23 [A]FRAE A0 B 7 7 IF B9 A5 B EL A o I A9 I 02 T
MBTCN 5 MSDACRN 7£ 3R L iy & 4350 A 7 43 He 4l
H5 2 RENLH R E T HCERAE N, FLEE T Ei
BIROR . T A SCER H B MDRSN-GRU [ %% 7~ 1V 88 4% [7] B
PEBUECHE 19 22 ROBE 2 ()RR 4 A0 B e AR A0, 6 8 i K FE i h
ML 5 R B AH S5 G 0 T8 OIS R A T BRI T . M I R
RRFE AL 3 SR NE B0 4 [ 3850 2 RO I Hh
A F 2R A SCHTHE RS BB AR+ LA A R,

&l 8 5 9 /2 MDRSN-BIGRU [ £ 5 H %) £ X 45 72
TRAE b o R R 4 O AR A il 4R, el BRI L, FE R 4 10

WiEfCS  MDRSN-BIGRU {4 1 B il 28 FF 15 K 0 45 5
b 4% I B A FE 30 RS AR EFE 0. 95 R

AT WA T Bk — 2 AR R 45 2% X B B RFAE , AR S
RHAT t 3 -FALIE AR AF AN 6 PR S — 210
St HEAT THRAE TG 25 R i 10 BR[| 10(a) Sk 1D-
CNN )i — 2 By 5y B 4% 0. T LE K 1ID-CNN £/ £
BRI E AW, X R A ID-CNN Bk 4368 A
JE S ARBRA ) 4 X S R, IR 10(h) L (o AT RLE
GRU 5 CNN-GRU # ttF 1D-CNN, # & S /> TR £ .
HIRAG T4 bR A, MK 10(d) . () AT LB H A4y
et i 22 ROBE ML IS 19 07 WE AR 4R T B3k M 45 LA B 4T
4 2R Bl 10(d) MDRSN-BIGRU #5445 ) 1) 4 14F
MREBRELEX SR E, AR - ESE—
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