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Edge-cloud collaboration for valve internal leakage detection
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2. College of Chemical Engineering,Inner Mongolia University of Technology, Hohhot 010051, China)
Abstract; In the traditional acoustic emission valve internal leakage detection scenario, the portable inspection type instrument detection
exists problems such as lack of real-time, low efficiency of data storage and management, and limited environmental adaptability, while
the wireless acquisition and cloud processing are constrained by the battery life, and the cost of cloud computing power. To address the
above problems, we propose an edge-cloud collaborative acoustic emission signal recognition method for valve internal leakage. Firstly, a
lightweight recognition model is constructed, and residual blocks and multiple attention mechanisms are introduced in the complex
frequency domain to adaptively focus on the global relationship between different frequency components and enhance the model’ s ability
to focus on key features. Deep convolution is used in the residual structure, and dimensional splitting of K and V is done in the attention
mechanism to realize the compressed attention mechanism, so as to ensure the model lightweight. After mapping back to the time
domain, the original input is summed with the reconstructed signal in the frequency domain to avoid information loss during frequency
domain processing and to alleviate the problem of gradient vanishing. The encoder, decoder and recognition model are trained together in
the training phase, the encoder is deployed in the wireless detection device to reduce the power consumption of wireless transmission in
the deployment phase, and the decoder and recognition model are deployed in the cloud. The experimental results demonstrate that the
proposed neural network model requires a mere 10. 1x10° parameters to achieve optimal performance. This method, when implemented
with a compression ratio of 8, reduces the accuracy from 99. 5% to 98. 9%, while concurrently reducing the energy consumption of the
device from 0.49 mAh to 0. 15 mAh. This enhancement not only prolongs the battery’ s operational lifespan but also facilitates the
enhancement of the detection frequency. This solution offers a cost-effective approach for the online monitoring and identification of
leakage in valves.

Keywords : acoustic emission detection; valve internal leakage; edge-cloud collaboration; compressed sensing; neural network

Wk B . 2025-04-03 Received Date: 2025-04-03



12 3

125 7 Vi IR A 11 PR U G 7 - 35 -

0 35l

il

W11 A e A T A 7 v o 3 A s i e, EL
255 kE ki, WIETIRIE R 224 Wi SMs %
Flt, IR Bl A B B B, 7 & TR I — R R R A
SR Ty ik 8 T2 T S fE A s, e 2 T
1] P T A

BRI R, 5 RSG5 AR E SRS 2 R
JE ST A R B RS . Juhani 251 IS8T
B 5 M BTt o 1 TS RSS2 AS A
T BEIRRTE . Ye S5 BRIT 00T T 75 K HE 5 1 dr
5 R A5 =2 ) 4 [ 5 9 2R 5 Shii S /NI 6 g {1 25
M R A O ZR MR e 5 AR S IR TE S 88, #5717
RS R AE S50 A A B AR | SRIRFIE 25E £1 4 3in
BRI AR U A 7 S 56, 48 o8 D /) dp A e i U
FFRALTTAY ; S2AR 2L 250 B of 3 e 1 1) 1 T it — Aol
FH XL B AR S RN/ INE AR 4 S W (0 T 1, Rl DL
FARM R E 75 RSG5 RN B k% ML S5 S
b THEEE 1) B K S A BE RN vk . SIM 25O fi Sl HF
AL K 4030 R R R T R AR 5 A 1 R X
FEZE AL 1At 2% O 1T A4 0 7 5 28 S H AR ol R AE
PRI S a1 dE B, BT 6F DNSO AT 5 L/ min R 2
PUBIRNT A 97. 2% ; S SCHLS A X AR 50 mm AY TR
11Tt , BREEBCM RS 15 5 P R A o 2 AR o R e ol FH S
Frim L A 2 93% MEW R, AR, R 25 > 3
AT B S RN RE S, T SE SR R
AT {75 5 10 0 Pl 4 A A i A i B 0 T B B
W02 B T IR, A LE A5 G0 3 R 22 0 245 B RS T
TP A SR s B SO G B R LA R, X e TR
R T K ZE AT I8, FE IR 26 L/h B 34U
HERA R 35 98% 3 A5 AR A1 X DNS BR i At
SRR T P R A 45, fE 0.2 ~ 0.7 MPa Xt
0.2 L/min HHRHRILBIER R AT A 83. 32% ; sk A" 1
UE T 2B B 2 278 1T P9I 75 & 3645 5 R
e s A 2 B A A TR 8 LI 1 5 32 T 2 1
ZEA IR R RIS Wi, Bt XA A
ZRORARUT B T S IR I B, A B A
T AHLAG i B R A

RAE LIRS AE RS &S5 00 5 i e 1200 5 -
A o 2 R A 2 5 nT R I A /N T e 2 A
MG AHR A g A R R B B B R R s
Bt Om BRCT J7, 5 A SRS T 2R G A4 S 80T R TR X,
FARA A 20 ARG A28 A T TR, (H X 284 S ARl
N THAES B LATHLEL S A 7E T 2 1A 5 B, n st
A JE | TE I S W s B A7 5 BRAIORAR . IABE

PRSI, FE R AL FREE b (iR s TR X)) | B %
BN TEAES 51 & WO, i He T JC 423 15 i A6 il
ASCER RR A A DA 48 3 2 109 Jmy PR L T i . b 1 5
IR HI L, TCLAIALAS 22 45 2H I (45 i 23R
Tt A iy A (R A4 6 PH RN 2B A
SRR 2R R S U RE S P, DA S e i
o 1) P, L i (), A SO — T 25— 2 i P [ A R 1)
ARG 75 A SRR I D 1% o 1 e S AU O LR A SR A
SRR IPORPAE P AR A J S, W S5 [l I del 0 5 Dt i B A5 5
filtE , S BUAR R AR DN ASE B A i e AR i ) 3 kR
Fr LA gl | WA RS A5 5 iR i, R A
WK ™ (narrow band internet of things, NB-IoT) 15 i 7 &
SHE S, DA BRI A DA, 4 voy JH Hi Yo 1 1 2 i ( BRAE
[F) S5 7 i 48 A A % ) R AR AP AR 7 2 g A 25
PUBIASE AR ST B X F J R 285 P F I

1 [R3E

11 EERSRE

PR SAS IN B AR 8] AL GE i i G N R, Jo e
SRR , BERS S AR IR RS A 43 O AH G AR R,
BAELMMA IR S BF5e R0, 01 75 R S
SRR B R S E KRR A e
RAHE S HIUN SRR A T R s
A AR R R AL R RN LR A
HORGREAT G
1.2 ML

B 25 25 ( convolutional neural network , CNN) 7€
RS W AR AR 2 1Tz N, CNN 3 s 8 52 4 VAT
AT AR o T B (R AE 43 A1, S 4 2 AT 4
26 WO HT T AR I AR, A A0 I v A 496 388 22 T T S
SHHI AT (A%, BE LR, A,
Xu 55202 Y A A 355 (6 B 18] P ) 5 Y ( frequency
interpolation time series analysis baseline, FITS ) £ &Y J& —
T i AR I F T i [B] e ) BT 55 O, g A 5 48
ol AR BRI A g A SIS P AT AR 208 Sl AT R
JZ 5 > WE B 4 TEORVAH B, 0430 SR A7 4 L, P 0 4
AR S S 2 I, AL 5000~ 10 000 2 K1)
BRG] S0 A AL T EE BT T S0
ROR

ASCHE FITS S548 b A7 wet , S 50U U RRAE 14 [+)
I OR B I S AR 5 SRR E . TE SN 5 A A 3R 22 25
o By — Ak 25 BRI 268 0 22 Sk T8 R AL, 32 BOBTURRAE
PiBIIBURAY: o AN iRE WAL RS B NIUEZS - g (b
{7 B [T I Sel J5 5 D5 R A7 ke 2 i 4, T o R )2



- 36 - LSRR R e o %39 &

PR AR LAIE N 43 AT 55, fim 44 A I A8 2 T ML Inputs
IX—XJQ%( temporal spectral attention network ,TSAN) l I—
[ REFT } ( Convidi6 |
R ELRZE RNl 1 Firos o el B AR ol g A I
{5 S B AT, A5G S 43 HE R A1 ! 1 =B
WA, FEBUB AR T B — s BUR A ( Frequency nput \‘\ | e —
M W R I TR 2 e, B2 B B BUR T |
PRTRBES USRS O . 4 BIHHE B 5 A2 %1k [ e T \ K IF ‘g";g;g;gf )
P, FEA S )2 ok E RO AR 2, e B ] s lﬁ
SRAFE VR AT RAE ) 5 1 B8, AR UE B 5 [0 45 358 5 14 17 = uen: o } \ °“V¢
B A AR WL U 5 A ) T e b ‘\[ MaxPool )
GRS, Z 5 Mt 2tk BV R ) R AR, A5 )2 ( IRFlFT ]\ \\ -------
ik R S SRR 1 R, I vV
1.3 EgR L @ \\ Bl = ===
Eiﬁ%&%ﬂﬁif’ﬁi;&ﬂlﬂ LR 155 0 2 T ) -
FET R LA B T b BT A, U T 4 ) | W )
oA ﬂe#éﬂ%—; R T R R (o) | S
LA R AT R 405 50 £ 5 7 A0 B, 0IE T R 4 R e IR G )
FE R SUAE P (i R At Bz i B T A5k C — jL — ) tem o - - ’
457 B Re FH LI A P s 4 B i 5 PR B ¥
Y = dX (1) ( Linear,num_classes ]
Horfr X BFIR(ES, @ UM P, R4 B2k Outputs
SRR X SRRRBEAY X AT LSRN 1 TSAN BUEZE
X =Yw (2) Fig. 1 TSAN model structure
#& 1 TSAN #EAIZE#
Table 1 TSAN model structure
hia=2 SRR Ll N CIRIE == s 1t B
1 RFFT [ batch size,2,513] 0 ik FEL VAR 3
2 Convld [ batch_size, 16,513 ] 176 — Y
3 Convld [ batch_size, 16,513 ] 64 — Y
4 BatchNorm [ batch_size 16,513 ] 32 it H—1k
5 ReLU [ batch_size, 16,513 ] 0 W PR
6 Convld [ batch_size 16,513 ] 64 — Y B
7 BatchNorm [ batch_size, 16,513 ] 32 I —1k
8 Convld [ batch_size 32,513 ] 1 568 — YR
9 MaxPool [ batch_size 32,256 ] 0 R
10 Multi-Head Attention [ batch_sizee 32,256 ] 3 200 ESSe-wikiINil=
11 Convld [ batch_size, 16,2 256 ] 528 — Y B
12 RelU [ batch_size, 16,2 256 0 TG BR AL
13 Convld [ batch_size 2,256 | 34 — A
14 Up Sampling batch_size 2,512 ] 0 oREER
15 IRFFT [ batch_size, 1,1024 ] 0 UL e
16 Linear [ batch_size,1,4] 4 100 k2
17 ReLU 0 TG PRAL
18 Linear [ batch_size,1,32] 160 42
19 ReLU 0 G R
20 Linear [ batch_size, 1, numclasses | 132 LR
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Flash RAM T RIREE R TAEHRR 0 0 14 400 14 400
256 KB 64 KB 80 MHz 1.0 pA 0.4 mA 220 mA 0.6 4 800

1 0.8 4 800 14 400
3 RBMIEN L0 4500
1.4 4 800

. 2 1.6 4 800 14 400
3.1 EIEEHK 1.8 4800

SRAE DNSO B 7E 0. 25,0 3 MPa | A [ it £ A9 5L 3 2.4 4 800 4 800

P, BB BN FR 3 From B AR R ot b 2 i R
0;40.8.0.9.1.0 L/min FEHEIRZIRE N 1;5 1.4,
1.6.1. 8 L/min MBIEFRZEBEE N 2% 2.4 L/min 1%L
PEFREBEE ] 3, RAEF | MHz, B RBHE K E R 1 024,
3.2 iHELSCIG

R B UEAS SO B A O, WA [R) A 4 26 A7 3 il 5

x4

5, RS ERATU AJR  ZSEE HLE | ek 2 i
UL BAR B 2 2 BHHL ( multilayer perceptron, MLP) 4
it L 36 IE A ZH A YRR . o AR B MLP 19 15 0
TR TR SECE 2205 MLP 3 AN PE 2 s 4ok
41 256 128 (class_num, SEEGE5RUIGR 4 Fin,

HRLSEIE

Table 4 Ablation experiment
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Table 5 Convolution kernel size and compression length

JE48 L ERLK BRI JEAE K
2.04 2 24 501
3.07 3 25 334
4.08 4 24 251
5.09 5 24 201
6.13 6 28 167
8.13 8 24 126
12. 19 10 24 84
14.22 12 28 72
16.25 14 30 63
33.03 32 64 31
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Table 6 Number of banded matrix parameters
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