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Fault diagnosis of pneumatic control valves with multi-scale
features adaptive fusion
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Abstract: Pneumatic control valves act as typical terminal actuators in the process industry, which suffer from difficulties in fault
identification and severe consequences of faults due to the high incidence of faults and diverse fault types. Therefore, intelligent fault
detection and diagnosis of pneumatic control valves have crucial practical significance. In this paper, an adaptive multi-scale features
fusion network is proposed for the pneumatic control valve fault diagnosis. Firstly, a multi-scale feature extraction network with fusion
self-attention mechanism is constructed to automatically extract spatial and detail features of signals. Then a weighted adaptive feature
fusion network is designed to perform the weighted fusion of multi-scale features to improve the fault feature characterization capability of
model. Finally, the feature identification and fault classification are performed by the Long short-term memory neural network with
SoftMax function. The experimental results show that the model achieves an average accuracy of 96. 82% on the DAMADICS valve
benchmark experimental platform, which are higher than other comparative models. Comparison with the detection results in the latest
literature reveals that the model developed in this paper also has certain advantages such as the number of detectable faults and detection
accuracy, and the detection performance of model is experimentally verified.
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SR S IR 2t AR 4, SRR AE il A, S50 R Dot
Bt WAFFN Bl P 4% ; MSCNN-BILSTM "2 454 T2 R
3 B 22 N 4% 0L i) K e B S22 R 4% B P A, SEER T
W 2 R BERE R G s SA-MCNN 22— FhEl& T [ TE
BEHLHIE 2 RO RHE Al & B 7Y | BB S AT AU $2 45 5 1)
DRARE AR, X b K 1 kR 2 W B A 3 IR 3 MSD-
CNN PR —Fi 2 JURE VR B 46 B 28 I 4 A58 5 aod 22 I
JERIRAS AL S A5 5 1 2 RO B SRS Cat
XiF 22 IRUBE {2 42 S B AIE i/ s MSC-MpResCNN > 3
TR AJZ R ]2 2Z [l A 22 ROBE Gk v sl a2 e
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Table 3 Comparison of experimental results with

different models

_— - K HER PR MER
/% /% /% /%

LSTM A 7420 7450  74.10  74.50

CNN B 87.30 87.50  85.90  87.50

LeNet5 C 89.66 89.70  88.11  89.70

Add D 93.53  93.63  92.88  93.63

Cat E 9429 94.36  94.32  94.36

Dot F 9232 9277 92.48  92.77

MSCNN-BILSTM G 91.33  90.04  88.75  90.04

SA-MCNN H 8.63 89.75 84.17  89.75

MSD-CNN I 93.81  90.41  89.08  90.4l

MSC-MpResCNN ] 91.61  91.43  91.06  91.43

AR SRR K 97.00  96.82  96.76  96.82
96.82% , i It T Add. Cat. Dot, MSCNN-BILSTM , SA-

MCNN ,MSD-CNN F1 MSC-MpResCNN £ R 4%

ikl 5 1

LRAFI 3 B 3. 19% 2. 46% 4. 05% 6. 78% 7. 07% .

6.41% F15.39% ., S5

SRR, A SCIF A9 MSFAFN
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2R PEAT T X, W e 4 Froas, SCHk[ 3] nl LUK i
14 SRR, JF B 12 il B 912 W7 e 32 1 99%
SCHRL 6] X 9 F e S5 5 B A 28 A8 IR A TN Pk RE 44 4
SCHER[ 7 1R Y i AR R S A (H XS F4 R FL3 194
DK BE AR A, RAT 8 e s i) A KSR 2 T 90%
SCHRL 9] A AR B8 T2 G811 f2 AP 5 B 3% 2% (square
prediction error, SPE) 3¢ Wi J& 75 & A= Bl e, 6 Hp e #5

G T R bR DORG BE A vR  2 R, mT A T 3
10 Fhifcp . SCHR[ 8] AN 10] BARSEEL T 100% A9 4 il
ERG R, (ARSI Y i B S A A /b SCER [ 11 ] SE B T X
8 FIMCBRE P AE LA I, SCHR[ 12 ] X5 13 Fofrifife e 74 4G I o4
R o 95% o SCHR[ 13 ] HR I T A e, S
BR(1S) Rib A7 T — S 2 PR R i iF 58, SCHR [ 26]
P T —Fh ZI0G i riE Nt 6 R i AT TR
S, 2 B0 H AT 0 SRR R B RE T, T AR SCRT R Y
MSFAFN #5714 57 25 46 DUOKS B2 R 96. 82% , X 16 Filik
B2 MRS B2 8 2k 98% &5 SRR W 1% J7 ¥k AE T A
)l s 5 ARG RS 32 T 34 00 LAt SR v B
ik,

x4 XEHPRUNSIHEG RBEATTEISE

Table 4 Comparison of fault detection methods for pneumatic control valve in the literatures %
BRI SCRR3] SCER[6] SCHK[7] SCHR(8] SCAR[9] SCHR[10] SCHK[ 11] SCARL 12 SCHR[ 13 SCERL 15 ] 3CHR[26] ATk
FO - - - - - - 100 - - 98.5 - 74
F1 100 100 92.01 - 77.06 - - 100 100 97.5 97. 38 100
F2 100 100 83.33 - 100 100 - 100 97.6 - 95.50 100
F3 - 90 36. 63 - 2.41 - - 93 100 - - 95
F4 86.21 0 0 - 1.27 - - 55 99. 4 - - 98
F5 - 82 72.28 - 2.28 - - 60 99.1 - - 100
F6 31.96 88 73.27 100 2.34 - - 96 99.3 - - 100
F7 100 98 100 - 100 100 99. 17 99 99.0 99.5 100 100
F8 - 0 93.33 - 2.41 - - - - - - 100
F9 - 0 91.3 100 2.34 - - 19 - - - 100
F10 100 89 91.67 - 59. 44 100 - 100 - - - 100
F11 100 100 89. 74 100 6.97 100 - 99 - - 20. 50 100
F12 99. 63 0 93.02 - 1.71 - 99. 58 95 - 99.5 - 100
F13 100 86 0.09 100 77. 06 100 - 100 - - - 100
F14 - 0 80. 76 - 2.41 - - - - - - -
F15 100 90 68. 63 - 98. 80 - 97.17 99 - 97.0 98.75 100
F16 100 85 83.52 - 53.74 - 97.25 99 - - - 72
F17 99.71 95 83.93 100 100 100 92.33 99 - - 92.25 100
F18 100 100 93. 65 100 76. 68 100 100 100 - - - 100
F19 100 100 97.16 - 75.29 100 96. 83 100 - 99.0 - 100
IS 12 9 9 6 4 8 8 14 7 6 5 17
5) AL AE 25 i 43 H DPERE R XS L, X EE 25 R a3k 5 s . [l 8 A A 2

AR SC NS (0] A2 2% B8 AN (8] &2 4% 3 )y T %) MSFAFN
BEARSGEAT TR A B, Ul IR ALLE 37 A8 35 8 (Flops )
S0 FUR I P BE 22 18] A9 A AT, K MSFAFN #5784 5
Add . Cat Dot , MSCNN-BILSTM , SA-MCNN , MSD-CNN #
MSC-MpResCNN #ERIJE4T T S8 i | 77 A is 5 i ks

HCa AR IR BE A XA OC FR, NFR 5 Rl 8 AT LLE
MSFAFN £ 8 (1) 2 50 Ry e AR 0. 02 M, 7 s 5 i
H 88.22 M, % = T Cat , Add ,MSCNN-BILSTM A/l LeNet5
D28 IR (H B 2R I 2 s T A R LU AR T
H AT 50 22 RO RRAE fl A BT AR SCRR B AR 3 0 5
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Table S Model complexity comparison

Y /M FEBRE/M ERE/%
LeNet5 0. 498 50. 26 89.70
Add 0. 020 88.20 93.63
Cat 0. 021 88.19 94. 36
Dot 0.021 88.33 92.77
MSCNN-BILSTM 0. 040 27.04 90. 04
SA-MCNN 0. 100 1 214.16 89.75
MSD-CNN 0. 124 155. 30 90. 41
MSC-MpResCNN 0. 098 172. 80 91.43
AR SCAR Y 0. 020 88.22 96. 82
97 F ¢ MSFAFN
96
95 +
- .Cal
%94 | @Add
B3 Dot
@
92
MSC-MpResCNN
91
MSD-CNN
90 | SMSONTEILI NN LeNets
0 0.1 0.2 0.3 0.4 0.5

SHE/M
P8 A [ T A0 v 3 5 2 J5CiE =2 ) B0 I K R
Fig. 8 The correspondence between the accuracy and

parameters of different models
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g TAEH] S-CPA Fll WAFFN Xif 455 78 45 1 45 U BE
FAY 5 W), 30 3 5 46 1) 265 B M) 9B IR 24 11 5 12 Xof A R i £
L

BERY a FoR RN A 25 0] - 38 38 JF 56 3 2 L
FIVRUER [ 3 07 430 FiF gl 0 4% 5 B b 2R il A CBAM
TR IHLR AR BEATACE A 38 B RERL G BT ¢ RN
T 25 8] =38 38 I8 3 AL R ST AR [ 38 N
FRAE Rl s BE8 d SRR A ZS (8] -8 8 IR 3
BLI, HEATALEE [ 38 I RFAE fl G s B e RN A 23 [
=3I F O I ALE OF AT A R LS AN
IR A X L &5 R an 3 6 Fion, v LA, E A
S-CPA 175 SIHLHIFN WAFEN A R0 28 I, A5 50 7 A6 )

KEHE A 0] 55 F 140 B50R0 o 1 R 05 AR A AR T,
ELARAE, DAVERG ST H R B, A S-CPA 138 F1 LI
A CBAM {2 J1 AL 1.92% , b AS AT fuf 7
BHLHIE 2.08% , BABH N A S-CPA 1 & J1 AL e
A CBAM 7 2 S AL Xof A 7R e A 52 B3 7 114 48 7 8 o
AR T WAFFN fl A 9 45 B R i 1. 10%
Wi [ 38 S A A Ty o R ) R AIE R AR BE T A
— BT B n RN S-CPA VE B S L Al WAFFN
B X 4 Ee Bl fd 43 0 0. 74% FT 1. 72% , RE
(7] B P 8 200 A Sk 2 O T At 21 & 5OR, BB T AR S
5 R A B A A BRI O SRS AR 5 1 3

K6 HRASSIEARXLL

Table 6 Comparison of ablation experiment results

LR oy L HEIR PG
CBAM S-CPA WAFFN /% S BU% %

x x x a  93.77 94.00 93.43 94.00

vV x x b 93.97 94.16 93.97 94.16

x vV x ¢ 96.07 96.08 95.96 96.08

x x vV d 9509 9510 94.78 95.10

x v v e 97.00 96.82 96.76 96.82

3.5 IgEsg

TSR AR TR W RS T PR IR T R M R, A
SCIE % T R A S 2 s 3T R S A 50 Hz 1B X%, OF
A4 T 7 S B 18 R A AR PRV L Y 2. 5% , A3 AL T
AL IREE T (0 M s PR A SRR R 25

B9 R T [ AR U 78 AR 2R 35 F W 7 3R B T 11
SRR IS L R AR AR ROR BRI, 5K 3 Mg S
XF N, PAAR AR TN A T ME A R, 5 AR BAEE A L, T AT
TR A5 e 7 BR B8 T B0 S S5 4G RS B A BT R B (E
MSFAFN A5 A (146 I A BEAT I8 8 1 93, 39% , 117 HoAth %
FoiE A 35 K i 90% . Bb Ah, AH T PR A R B,
MSFAFN #5275 AG RS BE N [ 1 3. 43% , i Al 455 784 1)

100
95
90

© 85

—EEARS
P THIAS 2 N

89.70

B9 AN RN FE AL S B Tl B 05 v 18 1 TG DU K
Fig. 9 Average detection accuracy of different models in the

simulated realistic industrial environment
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Fig. 10 Control valve fault simulation experiment platform

7 58T MSFAFN #5580 7 52 06 R4 F X 72 1 1
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R7T KERMER

Table 7 Experimental test results %

(e e FERCIES F145Y 4K biiRiE
FO 100. 0 60. 0 75.0 60.0
F1 100. 0 76.0 86. 4 76.0
F4 85.2 79.3 88.5 79.3
F5 100. 0 92.0 95.8 92.0
F10 100. 0 80.0 88.9 80. 0
F15 100. 0 88.0 93.6 88.0
F19 91.3 77.8 87.5 77.8
F-HE 96. 6 79.0 87.9 79.0

IS PREE rh A 2R A T S BORE R R ) (HARR 1 S £
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