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Abstract

Shock absorbers play a crucial role in surface mount technology. They ensure the quality of
solder paste printing by reducing vibrations from the solder paste printer, indirectly affecting the
smooth progress of subsequent processes. Although failures of shock absorbers are relatively
infrequent on the production line, once a failure occurs, it is often difficult to detect and trouble-
shoot in a timely manner, resulting in the entire factory being shut down for several hours for
maintenance, causing significant impact and economic losses to production.In this context, the
detection of shock absorber failures becomes a key step in ensuring timely warning of equipment
failures. The importance of fault detection is reflected in several aspects: timely identification
of equipment abnormalities, enabling early problem resolution; accelerating maintenance and
reducing downtime to minimize the impact of production interruptions; and ensuring produc-
tion safety. Therefore, conducting fault detection on shock absorbers can improve the stability
and efficiency of the production line, reduce downtime, and minimize economic losses, thus
having a significant impact on the overall production process.

Currently, there are several limitations in the research on fault detection of shock absorbers.
These limitations mainly include the following aspects:Firstly, the scarcity and imbalance of
shock absorber data lead to relatively unsatisfactory accuracy of fault detection models, which in
turn affects the effectiveness of these models in practical applications.Secondly, existing models
have not fully taken into account the significant differences between multi-sensor data. These
data are indiscriminately inputted into the network for model training, which is not conducive
to capturing shared features among multi-sensor variables. It also makes it difficult to reduce
the differences between the data features. As a result, there are certain constraints in improving
the performance of the models. In conclusion, the current research on fault detection of shock
absorbers has limitations in terms of data scarcity and imbalance, as well as the inadequate
consideration of significant differences among multi-sensor data. Addressing these limitations
will be crucial to enhance the accuracy and effectiveness of fault detection models in practical
applications.

In order to overcome the aforementioned issues, this thesis focuses on the fault detection
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of shock absorbers and makes the following main contributions:

1. Addressing the problems of scarce and imbalanced shock absorber datasets, an Attention
Generative Adversarial Network is proposed to generate highly realistic shock absorber data.
This method utilizes a multi-generator structure to generate data, ensuring the correlation wi-
thin feature groups across sensors. It employs an attention mechanism to capture the temporal
characteristics of the data and correct the correlations between different features. It innova-
tively introduces the design of group-wise adversarial generation, resulting in generated data
that closely resembles real samples. By effectively modeling the data distribution, this method
addresses the issue of scarce annotated data in industrial scenarios. It generates a large number
of realistic fault data, enabling the fault detection model to better learn the characteristics of
fault data and improve the detection performance.

2. A cross-sensor, multi-level generative self-supervised learning network is proposed for
fault detection in multi-sensor shock absorbers. To address scenarios with a large amount of un-
labeled data, a multi-level autoencoder structure is designed for representation learning. By mo-
deling sensor signals across multiple dimensions, the network effectively captures the correlated
information between features, thus enhancing feature representation capabilities. Additionally,
in the downstream defect prediction task, the network is fine-tuned with the reintroduction of
a saliency module to emphasize warning feature information and improve the accuracy of the
classifier. Experimental results on the shock absorber dataset demonstrate that the proposed
method significantly outperforms other state-of-the-art approaches in terms of performance.

The thesis focuses on the data imbalance characteristics of the shock absorber datasets
and the characteristics of multi-sensor data. It proposes an Attention Generative Adversarial
Network and a Cross-sensor Multi-level Self-supervised Learning Network to provide effective
solutions to the above problems, improving the fault detection performance and contributing to

the advancement of fault detection in intelligent manufacturing.

Key words: Data imbalance; Data augmentation; Cross-sensor feature extraction; Damper

fault detection.
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JERRE I L5 R 27 ) B Z R RE T, B T ORI A HERA 1 o Zhao S8 A B 11
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2.1.1 BREBNEA

TOHE D RE A A P R VAR 1) FE 8 O B R B A LR S v ch 3 B . e R iR
Wk PR LR, E R A AR A IR S A TR SRR R o A LB B
TUE W 2 s RERS A R U RGP RS . YU R S Z B AN IR S BRI, ik
FEVEE AR NS, Wi PR SOV B IR G . 4 KRGz b b s s T, R
FRENS IR SR A8 AR - e i 7, B b rh e B R . JEHEAE—

LEHUR RS, W= A ] DURIE SRS e B B AT DATE SR A A I e ViR 1
PR R AN AR EE o VR R Al I AR B I B EE R T, W RAH
TR RGeS ks B, AR BRI s s s M B B Y e W
FEVRARAENT I RS R T R 18 T EEAEA , 1B R BEE R, (MU I A%
5 RGN A AT AT, AT 280 S iR S5 B 1 SR B0 o VBRI AR A Lol A
H A B TR AR TS AL, IRV KL AR M A E TR A, R
e TSI ETIENE , Wl i WA TR R R S R I B R, AT T2
% o

TR O RS YR 7 i T S5 R A 1) 132 17 P A 88 R 1 3 ATl A 2 PP B T IR S
Beftho 2B RGREAS SIS R M, PERTTION S A A, I AR AR P
U, IX A REA B IR T s, B E RE . mRC B R A TR,
PETHA P RERAIT o [FII, A% RREHBOARIR 27 S0 (s R 0 9 S B 1 S £
il EIE RN RIS AR AL T A 3R Gl ESE R RS TR, 25 AL
ST - S BOEHEAT 0T, B A MR RE S VB AER LAS 5 A Y T30, on
SMT B P FERT R REAL S B2 0
212 WRERBEREENA

SMT i dn ki te (SMT-SA £uiflafe) RAVEEIREE. 0 17X R TG M RE,
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Fig. 2.1 Data normalization along the x, y, and z axes
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FHRFFATT At . SMT-SA SR /2 BMA250E =Rl FETHASEERE, 0l x y # z
JTRRIREN RS (Sp, Sy, Sa)o FERMIFEH, (AT 20 ZF0AYSRAEE I 50 H24 K
RIS o
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AT Dol A AR s SR A I, R B A= e a2 — EREJE _E ] RE 6L S I £X
o XTMERCRIEATACFA BY TR S IR, RIS JE R gE A T AL BILE 0 Y o

, RIEEGEAACEERS SR TRAC Y, AR 3 e s i sy AR 2 iy X el & 4
PR TR I o BRI BT 352 AL PRI R T2 AR B ACAEAL B S s
AL PRATECEAR AL o

2.2.1 GRMEAE

BARBRIAR IR AERHRER Y RS R BORAT I R rP AP AR SR R H B H AR Dl AE
BEATTRIEE S SRR i 2 i, WP AR ST WAL FLZ b B AP IR e SRR AEAL BN 2 Horp
A — kPR LU 2 — S B AL BT 0 1 IMBRBR A : (Al BRI 5152
ELEMER P A S SRRV AE B, XA RES SEE B ER, Rl oI qd b
FERR R o 2. A S BB (EIE T - o BRI A P S B e (RS FE BRI # 0
XA 58 ] AR 0 A B R FRRI IR Bl 3. AT IR ST R A7 (0 BRIAE AT —
AEE A A R ESR B TS o H & T TRy 08 - 4. Sl(EDT 75 Sl ET &
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FHEEARE . PRSI 2 WARIESE, N CRNBT I HHE BT B AR 5. B TR
g (AL E 7 S B (a0 K AREEERARA) RGN ERAR o IXFERY 7] LA
SR HABRERIE B 6. M FRFFRMEIE R I B FHRRE (10 0 B-1) AT
e, USRI IER.
222 REHHA

FEERCE SEPHAA B BIR RPN R AR R XERE AR R
AP RERIE TR IR AR SEAIRTE 2 RZ, 2 I 201 GEA
JEAS REZME, A2 20 R . FERBES I, S AR el B ] e S BRI 2Rl
FRAORFE N, MEMT R BB Iz RE Ty, 2 AR SRR B T Uk, SR sdiuit
TR LR SRR TR R BB & S AR, S B A
AEHP SR B . SRR T 08 T S d RO B s o, T HMBR AR 2538 s B R R
2. B S S R RO E REUE B B AR R 8 S E Bk
G T TR e o IXAT B T IH PR S D BT AN R 3. bRic i E: B R
BRIC N RFIAR B E SO I AR AT S bR R AR R RN SR (B AR o X, FEAE
RN Grad AR, AT LSRR [ ) SR S A PRI SRR 0 B9 S (8 o 4. Geit T Al =y
H: ST OB OREALE. Z 085, SR BERN S E. Z 80T L)
TERHE A S I ER W BT, AR 28 P LA R 888 o0 A B B RRE o 5. BE T
BT T RRRAG I SR e, Bl RS [RIRE AL g7 > 01k AT L
2 ) TE BRI e AT IR 3R A AN O 500 1o
2.2.3  HdEbrAL

BRI R S AL B iy — T 0 PR, H 2 H A E B R A R AR
B LA AR R, ARSI TR RR A% B AP i SO H2 IR RCR o il il 811
BRI R —E BT T4, (AT BMEAI AT 2 o BUREAR T AT LAE
RIS, FERBE RIS ETE T, RIRRHER R 2 T R S B0 SR E 418 . |
B ARPREAC BRI R, AT DAMEOC A2 B PRt S B O 5 IR LA G A E
RV, AREARHEA I RFAE T RSB LR AE A T KB/, (358 50
PRI LR A 1] 2 FADARRAE o WIS BARAR AL, AT LAER X FA AT, iR
FREAE R ABTAY B DT R AR 22048 o BHR PR AL P LAE R BB BE A B T W0 R A [F AR AE
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Fig. 2.2 Schematic diagram of anomalous samples

XA ) 5 M SE I o B AR 0 g AR B2 AL RE I B B R AR L, LA PR
HAEARRM ARG Rt (9% _LRENS R BL A ML RE . 1X— H AR Ay SEENS TR A
TP AT SE PR AT BPE B R B A SR S (R AL P AP s T A R R A B S (L, 2K
PR T B SR (S A o e, (SRR N &, D SR (B S [ 52, 4
Robust TR, ARG R E AL EENE, $E S S TUE k. FERT iR
kg, BARREA R AR S 5 T ifRe . UAFEAL T HLH RUBERS AR AN B
RS RS, A BT AR AR A0 o) BT NRFAE (SO TNy o BRbriEAL B 7%
ALUF LR
1. Z-score #rifEft, (Standardization) :

2.1)

Hrbr o FOREIRESE . p FZRNBERRIEIE, o FoRBdRRITREZE . Z-score TrIEALIE HI T
REHAFUL, SR BRI PIES DA REOR Y o X T LA SCRf 1) AL X 2
I A U AR SR B R

2. Min-Max FrifEAL, :
 z—min(X)
Fhom = max(X) — min(X)

Min-Max SR 5 51858 T B A SR B0 52, HLRERS R Aammii 21 [0, 1]

2.2)
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HIVEEIZ W o BRUEA T IR AL AL FREAR IS, a8 i 0 e/ MEAT B KB [RIRY 2 ey, i
FEAE I BUETE RO —LF) [0, 1] B XTI X FIH— LR B A B TR R R R
RIEZSE, A FREREUE AT LB S AT AN AT o
3. Robust FrifEfL :
x—Ql

Tnorm = m (2.3)

Hep, o FOREUAEEE . Q1 F/R Bl — Ui, Q3 Z R Bl iy 2 = U748
FAERE R RER, 2075 R B S B EAbREZE, I R EE A
B XA E AR AR B E R B SR B 5, A2 5 (HRYSZ . Robust
BRIEAL B2 W FH T AR 25 T S (R R AR, B ke e (LB N R R [ T A
i

2.3 HTEE%Y

SN Py | s K 4: 1 R s i AN B DU K 1 WNE SN | SR HEL I St a8
XPEARAYERAE . 7 IR . BRI BRI 2 B 4k 2 SRR R 8RN 2
FAFAE, TTREAE I TIRAIFIIR SR . TR S BRRLE T LS 2 2 WA ML, XL
VRSN 27 5] M TAT B30 B2 2 (ORI R TN o TR B8 2 ST ASE 10 1ok 52 1) 4 49 325 Sf i ot 2 K
LRI, DA/ IME TR H 5 SRR 28 2 IR 22 o R 22 SR 2 DS 1751
NTEE WS, AR EART I B BRI B AE S . X— TR BRI
M H TR 25 PRI MUESEE S, IR Leaus el e 4t
JTHEH EBERE o
23.1 MEML

P W 28 72— T2 B INEE AL JE R B RL a7 SRR, Rl T TR T
LSS o FHE LR IR ST NBUR IV RCRIREAE . ATLAE 72028 mIH. REHEL T
155 . AR HIEARLER H 2T (Neuron). /2 (Layer). fUEE (Weight) FIEE i
# (Activation Function) ZHJil. 128 W 2% HA A 22 0 18 1 AL EE R M B By N\ (55 HY B2
PR E T A A2 e I DT AR . OIS BB 5] N IR Ltk 484, (154
LM ZERERS 7 I MIFRNE ARAYAR LMt R o B WG R &L B4 Sigmoid. ReLU. Tanh
o MAMET AR AR ZETT, M TTREGm A B A AT IO R AL,
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L=t o fe2e 20t iy, ACESSHA KRR LML . &5 BIBOE BREUE A&
TCHYHT o S BR BB FE Sigmoid. tanh. ReLU (Rectified Linear Unit) . 2,
1. Sigmoid BIEEREL:
1

Sigmoid(z) = Ty (2.4)

HH, e RN BAMEIHIRE. (RED . « ORI Sigmoid eR#U HVEEILE (0,
1) ZJA], SEMRHE S SE e T 2% VO] o 1% R B S BT S HAE, XA )
TAER GRS . Sigmoid MECE T T — 00 KM, KN Sigmoid
FR % R T AR AR A SR R AR FORER . il MBI KT 0.5 I, AT LIS FE A 20 IR
J, DN (EIRE 2T, (i Sigmoid pRATRT RES 1 il EE T
&, AER LRI AR EE I /N, XE LB AR .

2. tanh BUE AL

e —1

2 4+ 1

Hip, e B ASBIRE (BRAED, « M. tanh BREUE 7 —FE FIHOE 5
B, HIHHTEELE (1, 1) Z 8], SCHUES RSB GT I EE A o AT Sigmoid BEL,
tanh FREEA T IHTHTER . I H tanh BEEAZHOMLIOMER, RIHAEREEE.
XA B TR N2, A E SO AR IR BT AE SR B AP L4 o tanh BRE0S
LT N T MY, S RIRE M (RNN) S8y, SRIM, TRk
[FJRIAE R, ReLU Az HAFFREE A I o

3. ReLU JiE R4 :

tanh(x) =

(2.5)

ReLU(z) = max(0, z) (2.6)

TN o, R o KTF, fhiee o DR o /DTEETE, a2 ® . ReLU
PREAE IR RO A PR FFANE G, R MOBUE R oA 2, R A o 2 X
Fi] B AR L ME AL 15 ReLU BECR AR 2R B G, ReLU I THEAR R RIAL
R Oh e R N i B FE A 5 o AR LT 4EHY Sigmoid 11 tanh pR%L, ReLU pR%X
T EREE R, T KUBER A 28 W 46 b LA B 3. R, ReLU pREGE:
T BRI M. 7R IEALIX R, ReLU BREUG SEUARZN 1, HIGAE I F) & 7% i 72
PR EEAN S S e XA BT A RO LR B L T RO R, (AR M 28 A By S22 ) 2
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Fig. 2.3 Simple neural network

ST M. ReLU SRS X TR e IR B FUA IE T 590H. T ReLU
RO GO 0%, BT DU 2 TCBOR (R B X R RS A
L R BT ORI TSR0 TTAE, 125 T M4 I ILEES . 9
i, ReLU BRACH f1E— 6B . — R EAE SO RS A s, X 0] A S BT
FOTET, BRI NI TEE R R R . T AR A, BP9 R T —
seArfA, 41 Leaky ReLU ] Parametric ReLU, B 17 XI5 | A—ERREE, DARIIE
BRI TN o

A T RS, E2. 375

T 4 AR T AR RN — RIRK, HhE— B A S METT. T
A L ER R TT LA LA TR 25

WMNZ: X =[x, 20,. .., 2], HA m 2 AFEREUE o

ez HO = (B0 80 . ), Hd SRR R, 0 ERIE R TR

ith)=: O =lo1,00,...,08), HH &k ZHIHAIER .
AL RS M W AR S 0] i b SRR I W 25 AR 4 . RIRER | 2556
I+ 1 BTN N
7D = D g0 4 2.7)

Hep, Z00) FORE T+ 12N, WD FORMERRE, 0D R B I
XETHE AL, FTLAMER o) e, Blan, X1 Bam= O30S -
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HHY = o(70HD) (2.8)
UNRAE 2 Sigmoid % PREL, ML A BRG] LA T A1 A=A -
HY = 4 (W(l) X b(l))

(2.9)

O=c(WH . gE=b 4 pL)

XA AR T AN ZE i E AR TR AR o HE A28 ) 45 A e 4 B ff 1]
ORI R 27 > 2 N N 20 H i ¢ R o AR F R T8 R S A e R B AL
AR A B I B e/ METIINR 22 o TR R B BRI A LA R AR B N B SN B

BRI S IR & R, 2 DRI T 2RI M gg S5, ARG 1A
GALTR . HIRE S AL AR SR T BRI, Horp— S S W 25 45 Ky 4 CNN,
VGG. GANs %,

A. AT HL N 4%

AL RO Z% (Generative Adversarial Networks, GANs) & —Fsi A TR 27 ) 5t
A, BRI s (Generator) FIF5d: (Discriminator) XM H. 50 4+ )
LM, S S BARAE AR AT AR OB E R B A, NE2.4577R. € H Tan Goodfellow
SN T 2014 fEERH, JFROR TAEEGAE R SCARERL. TEE A RS R A
REo AR lias I B H re o7 >0 A i BB AR AR A T ) 25 1 H BR 2 X 93
A A A R RE AT LSS A o I SR HE AN SR, AR s W ER = 2R R AR 1Y
B T A RS SR . XROAE B METHIIZRTT A {615 GANS RE
38 T B SRR oA, AT AR SR S E BRI R AR . GANs RO AR T/ Iy
WA AR S AR AT 22 5, DAEAR s RE A8 18 i FUSR B 1Y 730 AT o JX e
TXIGUEINLRI J5 2645 GANs 722 PG B R vERE . AnEHR Al SORA K
FHBE A TS . GANs [3TE T BB A il B SO oA i A DA 5 o A
Ao IHh, GANs ERES 7 S BIEHRINIBAE RN . O THRE4e . FHESR BUREE 1
SRS AR A S
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Fig. 2.4 GAN model architecture
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Fig. 2.5 GAN training process

FEAE NPT 24 (GANs) o, Gl id 52 8 Il 2k 4 il - (Discriminator) M1 il &
(Generator) SRAEFHTATIIERE. LR 2T LAR LA 7 2UHig (nE2.50mR): #IIGR
Bt FIRNE A s HI PR RE AR 220 AR IR AR IR A 23 AT 5 LS AR 3 AT AP AE I
225, FIRIERT ESREAHI AL AR R AN S R s A e (2.5(a) o 2 Tk, i ]
EA A SEL NGRS FEENZRIHET, F B WER =0 B S A 51 /e
I3, A R 1, RIS AR R A 0 RE i o i i 0 (82.5(b)) o R)E [
EFNGRIZEL RN PG IIHOIE, A2 s A A A1 B W e B S A
ARG o SR, FUAES AT RES AT R AL A AT 8 158 (E12.5(c)) o SR, a0l
FOA s ORI 2, AR s AR BRI REAR KR B 0 AT 5 B AR I AT e 2 A
SECHIB A TR FEREARRSRIE (2.5(d) o IXFIXSTUINZRIE A Rl B 1R & AL
EEFEARMIEEST, FUN GBSO B SR A T RAEA B FI I RE S . =42 5 B S
KO A R S BT R

B. R bl

HEESIHE] (Attention) & —FPEML &R SRR = SR 2 W EEEOR . &
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I ZAH AT E, (BRI T N T 7 5 S BTE S5 R HIFR 43 TERIIL
FIAALE — MBI, B2 R AR AL R B A AR %
TSR IAT R, B T RAEAL T P 51 B T B 2 0 o

TEPFUES R, TR IHLHDE S T B A A A S5 T 7 R LS A S
5, KRBT, AR LMS SIS M B TR ES R X —d R DA
AckERIL, Hb— g W4 R E AR BT H X A8 N A
H, N AENRAE AT LRI X = (21, 22, ..., 2], B ERHERR N Qo JH,
#1159 (Attention Scores) A LR 52.1011 8 :

el

Q K"
Nz

Hrp, KRN X RHE N2 LR AR (Key) A4, d Rk
AEAERE o FAHER I EOHATRAEIA L, MIMERIAE (Attention Weights) :

S = (2.10)

A = softmax(S) (2.11)

softmax pR #2415 10 BUH— A MESR 74T, B ORAg T A B HY ST
Ml wa, TR SHANTH X FRRHESR R, AT LUS B IACRFE

TR -
O=A4-X (2.12)

Hrp, O FRERAIMBUERIER R, BRI S IR N7 5 IR A1
FIHY o

TE T B A A A I e ey R BAT BB S A I S MK ) AR G
SRR E R e 1T 5 INERE P, Al AGEASIR] B0 5 3 5 e AT SR O A T 28
fe A I R AN S BN, AR IR, T LI il ) R Se 8
FOR NS, SR E 8 TR LR ST B I P R R A, DAX gy
X A S 0 B B A P i) 25 o R ) 2B R AR SR R R B B T IBGRAT, #3200
BURHIEARRALF R . A5 2R s I BT sl R o 2R BT SRR RE S
AT R R AN ] TR 25 RO B A T I B, AT e S B A I R
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Bz, WEEIINEE R SIME S5 T shaA S AT IR N\ 41 HR A [ A
FREMEZEEOR . HFEHUEE T A R ACE, B EERE EIIRGERESR, R
FIPEREAI I AEBFRA I, TR A) B TP U A e (S 2, A E L
BRI RE AR Tk SRk I AR 1 B
232 HREY%N

AR B S FR R R IO, SRTTARBUX Le8dm i AR i 145400, s, i
e g w2 2 ERYE . AR U E G Y M. EEXTXLE R, 2 A
AELHRE THAMR %, AlE2%> (SSL) B EEIEES) T2 —, #Hdik
PO AE 55 NTTAE R BRI B IZ A 8UE 2, SR G W AR5 Y W B S I 2%
BATIIZR. WG SSL YT, 2 SRR 21 N BT US55 . SSL AJ LAsy
WR B TR AR S R I LA R, $R =iz (L RE )T I i RS E . SRR, Bl
BE A DRSS T 182, MRSt TR e e, anA
by EARR I S SO AR BRI AR I BT,

2.4 BESZEIHE

TS R R S IR T BRI SO U 5 S &, IREAT b B S A SR A
FINVENSIN L A SR B At . /B T R EAR B R 3 — I s =
2], HrpZ EME M7 D TR BT L MEsk S RS
FHIE, AR5 EFIFIFE G LR RHEL R B 25 R b a2 B HRTN L, B mlisy
SIEEG SCRAE SR TG 2] T 2R o 15 Srivastava 25 A5 42 1R
BEIR 28 S AURITR AR 7 W 45 I SR AR 2 A A Bt il & m o > B AR 380 T4
k., BE REHRA LRI INER, M ERABGESE Nk, AL BELRE T
W5, FEEAE S BB R L I B LS T AP « Zhang 28 APY rhig i1
MR- G A i ST SRS A O (XMC-GAN) B i S X BT 5 AT
WS Z A0, T SEBURSHERY (8 1o B iR SOR B R AE Jie- Zhao 25 A\
. M\ RGB PR EITRIEE B A e > R SR (O RLSr 32 =2 & HO TR AR 2 Il NPT R
BRASZ I ZERE, TN NS BEARPae, SE T & M iRta i, FFHUS 1
—UE R FE LS. Wang S AP th SR T —Fhasid ARG 2D AELIEGA 3D ok
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A RURBE T BSOS =Y A I A 3% (PointAugmenting) , 55 BRI HLIUAS T
BRI ELA B S AR O RAE Tl AU 2R I I R B 1Y
Rl ASCHIRR RIS RSTT MRS B 2 B O X T2 T SR SRS I
B AL /MG R Z AR I B R o IX TS TIULHIAT B T ERUR B BOdA T

Bt
2.5 FBPG

AR T E Y, RN T RS AR BGEE, FERTBERTAL R Reh R A
M REAIPRIZEM S B WE 2 N ESASE BT 1 4. AEid e
ENAPEEN BT RBUEE IS KA TRMB 2SN A, 5INT SiERH
RIVEREE, XERPEEREE S RGN I RFSISHER, AT o A =
wrfUPERE. THE TRARTAC PR B, AR REE P AR RE . BAATHE T kR
HACLH %, PIANBRER A, S ETEA G DL 2 IR e AR S o I FLERIA T
S B IR TREAIR 2O I EE . R T WA S SRt ilr ik, At
TH A TTEMEE TR TR Tk WRERE - I P e i 2%, FFeft TR
JESF SRR 2 I B ACE G, SR T R I 2 TR Z IR A R RO B BCIRCE A AR
Mo 88T B BRI, HAWR N B S 2on o BAHIRSE. the T
PEAAE RIS, RIRIIAS RIS (IR SOR. RIGREEE) FfE BTG 2
>, BERRGSSE SIE R SU A E H] , DAR ST RENTZ AL RE S0 ISR 56
TR T AR, AERARE. TAL R BRI NISE R A ST, D
iR R L FH DR i BT 1 it T T A R S o T R sy i e e A B T ) 1P RE
LA AESI IS AT 5HA B 2R T o
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F=F HTHF Attention-GANs B KBS 78 ik

WA R RERDE IR & J, AR R AT SRR T, R ER RIS TR
FHEFIRASHREAT D B FIRASAIREA, B8R a8 SR E 5 s A7 I B R 22t
[E] FE By K, BRI S| A R SRR B9 I = e A E A BR 2 2 IR BB E HIRHE, (HiX
PR AE G IE R Lol AR5 . MRS ST PCA Al (3.1 7R) FIERESE
i (NE3.20R) BN, B S S 20k b 15.9%. s s T ia sk 4
RS RIBA T, IR I AL T IEFRAS, Wik i 2SS DB a], R
FREGR R R AR I T ORI . BARACPA AT RES S BT A (1),
SRR D, ORI AE SO EARR L. (2) . ML T 2R YIZRAT . IR
T ERAE, ATRE S B I LR, (3) UM ELSEY T IS m i, A&
PEVERIMERR A AR ORIIE . K, AEEF TR as i SEA MR S 1T, WA ZBOR B R A1l
TH O T AL B

BT U6 RE i A BR 1Y AS S48 TR R A I e MR R R, AR T AR T
Attention-GANs {77 e ZJ7 L LR 6 75 81 WUE a0 89 I ME AT RRAE AR O 1%, i
AR ERE NG, LR SC TS R 2 BRI, SR T AR EAR Y 7o s DA E AR Y
AR . DU AN TN

1. fdi ] Pearson #% RERN AT B EEAFE . MRIZEE R A IHGE AR RE. XFEHY
AR B SR A AT f R, W 5 SAh BRI TR My B8 S VA By, A B T R o
A IR 5

2. BT ASE R, MRS BIRER A2 D RHE T8, JFED) Attention-GANS
WA . ZART R O GG P S B B8, R SA  HRE B 1
F BT GANs YLk, LA SJH NRHEZ (A1 BY SR AE OGN, 4 0N B 23 2H Y RFAE
HmeE: Hik, # Lid& GANs LBt A8 Z B By GANs JfiEA
Attention HLHIME IEA R 43202 [V RFAE ARSI AE 1R L DT A8 i i 2 0 L A DR e A
¥l o 1ZIT B IR T R R I LEIRIA SO BT TENEIVE R, A TA bR
TIXSEE SR E R I AR RE 7]

3. fERESEH, B2 Attention-GANs J7ES BT A AE AP AL BT E AT T
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3.1 FEAYEE PCA TIHML
Fig. 3.1 PCA visualization of sample data

— D RYARN A E T
AL

IEREAR

B 3.2 BRBEEES T
Fig. 3.2 Statistics of the shock absorber dataset
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55 =2 EETINJF Attention-GANs IR Y 75 )7 i

e BORTHERIE I T ONN (B BUMIIA) (B d ek . AT
ATHYE T Attention-GANs J5 74 1Y B R AT AT S

i — RIS T Attention-GANs 724K P ATEREE 7 TR (R 25 )
IS T B R HE S FE A, 0 v S AR PR AT RERR
T IRSEITE 4

3.1 KHEMSKREDHT

TR BRIV RE 2 AR — R I B R o FEBHTERA UM, A0SR
(UK FA (T B H A 7 V5 B ORTBE . AFAE R R RFAE TR DG B XURS: o X 7T RE - B02E ik
BT G IR A FHE R N AERLA, ATER BRI G B g N 22, PR 1Y
PGB R T REGIXFIE O, A A0 B Y R B A i R R A TARRAE 1] A DR AT
FEARF R, PR A Pearson ¢ REUWE N TH, DIRN T RERS SURFFEZ [/
K R o Pearson FHK RELAENS S AL LA GRS ARy 1), $248E T — DT TR
FH AP A RAAE 2 TR A LS Ao 38 3ok 240 301 93T BE A5 AR BRLOC SR RRAE 2 TR P A DG A 2
BN JE SR O BRI T A 25 048 T o AR B FR 2 — R0 AR AR 09 D=
TR AU B IE R RFE A, B RENS GRFE A B SRR AR IR A S o TR
Pearson ¢ RECHATRHEMSCIED AT, B NEWR LGS FRERBEA J1 30 kE, MROR2E AL
(RIS BB % B 07 S Pl S Bl R A B R RS, 3R SR I AL RE TR R R

Pearson ¢ RECHH T o1t WM ELLAR i Z I e A CHE, I E T — 15
THRAARIGE . Pearson 3¢ REH AT :

S (X = X)(Y; - Y)

T X - X = 3.1
Vo (X = X))y (Y = Y)? 3.1

n FONPEARERL, Xi 1Y IR o DA R EUE, X Y 451N
NS RIFEARYIEL RN, Pearson FHO¢ REBUETEHIAE [—1,1], M TFRRLRZHZ%
PSR RRVIREFT A 2 r = 1T RETRIERHR, r=-1KRZL20MHK, r=0M_FK
BAZIER R

XTIRE P = M#E PRINT D X « PRINT D Y 1 PRINT _D_Z 43 5|sf &5
R x y flzo BT JGE dR BB EE R — 1 RIEHEHE (AnE2.187R) 384T Pearson %
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PearsonfEXH

X—y X—z y-z

B 3.3 Pearson fH% REHT

Fig. 3.3 Pearson correlation coefficient analysis

REBATRHEM AT, HE RANE3.37R . e iU T Perason REHRAE R
x-y BV EA—HEGE Soy . 2 BARAEN—HETE 5. .

3.2 Attention-GANs B FEIEY 7 1%

A A B 22 H AT N B R R R S, A R S AR e
(Generator) F1¥|j#s (Discriminator) BMMZ5. FEYIZRNT, AR s AW AR s B
HORFEAS, T M3 85t AN 2275 B 36T X 43 LSRR AR e A IR kAR,
B A AR I B AR a8 A A 1o AR E R I ] GANs SRAE i/ ek
FEARR ST BN, DUK B = de B (A e R M DA A O [R]

U TR A B B AR [A) £ A SRAE S PRI SS A 1, R L2 GANSs Joik A I 4
PR TX LSRG RN o IR — R, A A St SR, SR W By 7 ARk
HE . 5 RN RS EAR N e, ORI I P ok R A AR
I o FEIZ A 35645 |-, CNN. RNN. LSTM 25 24 LAg3%4% o T CNN A
LSTM, RNN Z5HgHD0 e 2T/ DR AR R IR A D, (i S5 1 B RNN A7 B)
Tl ARG . BRI, £ 9Bt GANs | Generator ] Discriminator %645 |37 RNN
MRS . B2, AREEHRH T Attention-GANSs BB 45 il 7= 28 /D RCR R A
Bl o WNE3.4578 0 Attention-GANSs BRI YR R L5 4]
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Generator1_1 GANs1_1
il output
g i
Fake
Samples
Generator2
Real Samples Discriminator1_1 s Fake Samples
2 ,
SP» | m=
e g REEE
Generator1_2 GANs1_2
B output
2 i
= )’7 / A -
Real Samples Discriminator2
~| Fake
Samples
Real Samples Discriminator1_2
stept: SIGGANs BT IERIETAERIEEH step2: GANs2FBTHETEBIEMERISSEIE

& 3.4 Attention-GANs FiEZH#
Fig. 3.4 Structure of the Attention-GANs method

43.4/2 Attention-GANs B 57N, T EAHE PP IR

AR 1 X RHEAH S IR T Pearson FHOC REAI 04T 5, B SR BEA T AR
S, TR, B S,y S0 BARTTE, Sey BARENHE GANSL_1IZRZ
M, 1S #EH TR GANs1_2. fEillZrid#ip, 25 GANs1_1 5|\ Generatorl_1, H
NN EENL R . AB M, Discriminatorl 1 M#E5Z S,, LLK Generatorl 1 =41
TTEEARE AN B S R i/ MESE GERLAA3.2) . Xf Generatorl 1
1 Discriminatorl_1 ##47T ZRG M. EFTERERZE, GANsL_2 FIFEZT T
Zd s, DA OREE (RIS AT 1 o X — P BREY H R Tl & BRI S 3 AT 4l
Dk, LA RS IE 2 7 S N B A R BRE , JHRTHE BRI 2 FEPERIE

Loss = min max By s, o log D(ay)] + Es, llog(1 = DG (3.2)
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HA1, Sgaa(wy) RESHARI AT, Sn(n) ZWAE )53 o

WK 20 2501450 Generatorly 1 Generatorly 731 AE K Szy A1 Sz Zd5. XM
B FERE PRI g B EE, KHFRO AR . X EAEE T
JEE] T HNFHER S AE O, RIS BRI T 2H R AE R AR G, DA OR 2R i B0l B A
OGRS . AR 2, BINT GANs2 #57, FEn H b 7145, 522 Rl
AFME, Generator2 ANEHCHIFE NI VE A, T2 BRI PFRE IS OB -
RLIXFER BT, (AR AR B AN R AN B A N AE SR, A B T2 AR e Y o
o ARURHERGRE F )5, 225 Attention £ (I A503.3) . Attention L #5 |
AN H BT 8 I S A B R A E, S B BE S BE R 1h M HE R Rk 2 ) Y
KM o XA B AWHR T 5 S RE ), SR B DA ot S e SR 454
AR K R

a = tanh (W,F + b)
(3.3)

as = softmax (W;a, + b;)

Horfr W M1 W3 2NN RIS, bs M by S nI 2R 22250

I 3 1 Attention-GANSs BRI 2588 3 th . Discriminator2 I Attention ZFE 5
M HERAE RN, S S e R R/ MUY 2 T2k, [ )IZR Generator2.
XL R H AR AE T 9 B AR iR AL R R AR, DA SR B A B SE . BRI S
Generator2 FAEF & @8 IR RRFAER SO . BE— B4 A iiak iy i o i
XUk, Discriminator2 AMUPEAEAE AR E LN, L Generator2 73] A
BAFHERRTR , 1A A 0T B AR BE I B S . AE 58 il GANS2 #8311 25 )5
Bk Discriminator2, R Generator2. Y458 1 FIXEEE 2 [ Generator B4, &
fif, Attention-GANSs 4= i 4 e 5t . /£ Attention-GANs #Irf, Generatorl 1
1 Generator1 2 FI I BEATL: RS A2 s A H N RHE A R B R o TX L2 ) 5
BRI R AR FE ARG . SR)5, Generator2 X EEARFEARRIEIATHE Mr, 1@
Attention HLl FHFRFAEALE . M IMERAT FEAF 5 985 s B RFAE Y 2 07 L D B AR AL
o
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33 SLWE5ERS

3.3.1 SERFBEAEIEE

AR SZIEAE Ubuntu20.04 1 Pytorch 3.8 _F b/ T I 2 f1 5256 , A 4R FR3% >4 RTX3060Ti
GPU. = ax B gk B A HE T3 HE ol A R RER AR A 7 e bR a5 7 Seasd T
R, KUREEEMARE = MEE PRINT D X . PRINT DY fl PRINT D Z., ¥
PGALHG 1157014 P IEREA, 26680 N IAREA. T, L 80% IEFAFEAYE NI ZREERIAL
. R IE SR ML AR s . BARTE L3 1R .

3.1 BEBBEHEE
Table 3.1 Shock absorber dataset
YR FHEBE EMNEATE AR
YIrE 3 925611 21344
MIRFES 3 231403 5336

332 PHhER
BT SMT-SA e & ARiC i, B A T LA sk H 88 STl Hes -
HERf*% (Accuracy score ACC). #§7iffi*# (Precision Score). Fl-score, jXLE5E i PG TR
(BB, BRI 100%, FoRBALS R . LU 25N E BT Fahr
« HEIEW] (True Positive, TP): FEIEWIFK IR M SEBR IR BIREA S E AR I A TEAF:
AH,
* {B1EH] (False Positive, FP): & IF {537~ M EAEA RS T 19 H o
* FLUU (True Negative, TN): FLAGIER 7R SR G AR HR A 500 64 SR ARMEL
* 1145 (False Negative, FN): {7537 A SRR A4S TN 19 1E o
HERfZ (Accuracy Score) HiE SN ELIEBIFIE GG 5 T A IEAUERY HEER, HERERA T

BT
(TP +TN)
(T'P+ FN+TN + FP)

FE % (Precision Score) ZE7nARIE GO Fr A (EFEARIIEE ST, MR E A
T

(3.4)

AccuracyScore =

TP
PrecisionScore = m (3.5
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FEA 4R Fl-score Z /i, i EA2443 1% (Recall Score) : & A SEBR IEFEAHIE
BTN AR RIRES T, TR AT

RecallScore = % (3.6)
Fl-score @ Allas IRV RERY B bt , EXTRS BRI A B2 TR AE, DA
A RIERE R PERE, JF BoAT DWE SRR, BN AT ERE SAEALL, 1A
YA (IS
PrecisionScore * recall

. , 3.7
score x PrecisionScore + recall o7

3.3.3 £l

N T BIE Attention-GANs SUEAERWEY 78 i WA RUE, 3047 17— RIVZRE S
HEa i, W HZ BRI EEE 5 B SRR TN T S EigsE 1P E AR
XD R FITRAE, LA T PTG Attention-GANs 503542 B 19 Bt e AE S50,
PR A R BRI E SR S, SR A% I SE T 27 )7 155 Attention-GANs BE Y AE i
BARIATPRAN o WS LUACFIERIPREZE , AT AR T A o5 S8 2 I A
MEFIZE S, BRI PR RER AL BT AT (5 VAL 51T o

AN, AULRBR T PR , R T2 1 Attention-GANSs 3% 54 R 9 B4y
FEHH T TR A AR B SEBR N R SEG . FEIXANSEEE T, JERE T RNN W
ZEHEZR B MR P B, DABE A T MBI IIE. Attention-GANs S5 7EHE TS
RIPERET TR o B SCBim AR TR0 B /R AR 3.5, s T EdEY 78, s sy
FINZRATIPAl S S0P R . Il IX — 2R A R SE8R 10, BEATHIPTAL Attention-GANs
BIEAERARY FERH A ML 55 A SEBRUR . Dt — 2B A 780 B FH £ VR 21 Yy B
R AT SE A o

TERTRII 250 B, 45005 Attention-GANs X i 28 19 Il 25 BE EA T 4038, DU i
FEAFIE AR B R G TV G, 1A AR A N 21 D8 4 (9 A A g
ik LERRDYNZREIF, ARPERAG HHEARJE, TR S A 8 A T BE R A
REZ S 25 73 MG, BELAE] TR ERUR, SA BRI,
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B 3.5 HiEy RLRHRE

Fig. 3.5 Data augmentation experiment process

PABE S ST 556

FERSHINIY B, AT 17— ZR A5 BROR A T Aok )1 2 14 i o s A U A2 1
VefE. 55, N BT AEAE IORBBL S . 4 IR ek 2 S A 5 N B
IR X R T REAS AR B SN Zh— By, OREF 7R — SR AT &
BMEe B, RSN BB  j f A M S A Tl SRl o J s AR, A
TR HEAH I AR SR, AR D REARR 2 KRR 8 &fm. RS
PRSP AL BRTTIE R A R AT IR IXEETEMTEIR ] RECIIR DR . A5, A
e FLAEEE, FLGEE 5 SO RSP FE A S AT I I 2R B e I X — By
Bt REABSIERI RSB b AR, PRAAS AT B T IR A R . TR
AT T PRSI X i e P B AR
3.34 SEWEERMT

(1) ABFAEARZRE 54 WIE3.6077n, 23T Attention-GANSs Hiif E Y45 IR
BI3.6154F T Il mean B A — A SE B R IREAT o, 2R BB S A B SRR R AR
&, REEDEURI M ERMmZE. 225, 3 TRIE3.8h, J&R 1A AR
FUSEAR AR AL B A B EAPREZE AU XS HEAR Ol . BRI, B3 7jor 7 & RHEA &
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LR A A AR

FIRRIEZE NS LU L, T 3.8 J& 7 1 A5 AR AE AR Bt B I (BDRT FEAR L o DX P ] LB A2
AL AR DB A R T AR R B E AR IE 22 B SR D B AR R Y
I RLRAAE (AR I ZE AR il JX Wi Attention-GANs J7 542 MAYHE AR H H
TREAZ AR R BEARELE . (6 Attention-GANSs J73k, IR RERL [R] i 27 > e A2 i)
F R g5 AR ISR AR PP Re i AT A 7 BE TR LR PR AR R o X — 25 Rt — PR 1
Attention-GANSs FEFEAA UT I HG0BANE . WBARY Fese it 1l FERRE T 5

1

0 il

MMM Al i

Oms 4000ms 8000ms 12000ms 16000ms 20000ms

& 3.6 Attention-GANs BB T4 R
Fig. 3.6 Results of the Attention-GANs data augmentation

K 3.6HY AR FIR B @ vy 2, WEOSFONEIET RN E TR o v
2 IR LA e U AR R A Es BT S e RO AR -
(2) MEEmAERG M XS LT, ALK Attention-GANs Ji ik 5

-1

FRIEBESHERIENREE B R R 1 BB 1
0.0101
1.0 1
051 0. 008 -
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#g_ 0.6
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Fig. 3.7 Results of feature standard devi- N
ation Fig. 3.8 Results of feature mean
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ADAPT [ MDACP!, WGAN-GPP! 1 LWSMIO DL A 28 4 SP-fli A 38 A A BE R4 70
RSN
o Lu ZE AP 3L Hoik 2ym 458 (Adversarial Data Augmentation, ADA) ] /5%,
VS ETIRIG R €7 piibo sy CR U WA EIN 7 2 Bt ]| S S €
o Jiang 2 AP¥ FRH T —Fh 24 %% (Multigenerator structure of Data Augmentation
classifier , MDAC) 55, S5& B ITEAIE SR AR 2 AR A 451, ik
B AN SR BRG0P R 9 672 1 B )
* Gao 2 APV H2 7 i I BE T Wasserstein 22 il 6 470 00 28 R R B2 AE ST (Wasserstein
generative adversarial network with gradient penalty, WGAN-GP) [0 7715 , 1
2B BB A S AR 78 Tl R OB B AN A 4 20 A o
* Guo S5 NIV Zp SCH T — R T R AN B L T A A R A O T 45 T ik
(Local Weights-Shared Multi-Generator, LWSM).

R 3.2 BT SN SR SR

Table 3.2 Results of the comparative data augmentation experiment

BHRASEE AN 773 FlScore ACC  PrecitionScore

ADA 88.493% 87.024% 79.363%
MDAC 91.071% 90.238% 83.614%
WGAN-GP 93.452% 93.274% 87.715%
LWSM 93.801% 93.435% 88.333%
ARALFE 84.033% 81.145% 72.462%

Attention-GANs 95.425% 95.428% 91.247%

FESERE T, O T IHERBEAILIA S0 S e e B A M R A o, X Bkt T 1
15 ks, FHE T EMTRY Fl-score. ACC H1 Precision Score ffJ~F-HJ{H. ERHYSLEE 4,
RUNL3 2039170 HAMBI AP AL FLETE M, AT HIAY Attention-GANs
JTIRAEG= ar i s AT BB, B3 TP iE bR S AU(E, LT A5, X
Keib W, Attention-GANS J5 2 AE fiff PR U5 di KUHfE AP [l U7 T R B T 1228 A9 AT 4K
Vo OTIRARA ST D BERFEARRY, 58025 8 T BRI SR PE AR Feisd . S
AR AR O S AE R Y Attention-GANSs RGal™ 78 /7 1A (AR GENS T 5870 1
S MRS AE R AT, N TIAESR TR A RE T T IS 1 & A2
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Fig. 3.9 Results of the comparative experiment on Attention-GANs data augmentation
335 JHRhsER

FEIXER A, O T SR SR AR, 8t 7 =M, o pl2 iR
GANs. XU GANs [%%%. Attention-GANs [%%% .

* GANs: Wi TARSCHBAY & T 2 EE T GANs (%5, [AtFUMEY GAN k5

TG GANs fEEHRY 78 ERIRCH .

* Bt GANs %6 fEARTERIIEA, K5 [ Attention £, FUR XU GANs

TS g

33 FET REMERER

Table 3.3 Results of the data augmentation ablation experiment
YIME *100 PR 22
X y z X y z
/R e 0.34686 0.27067 0.98843 | 1.10490 1.09620 1.09901

o 24

0.34223 0.24734 0.95323 | 1.14458 1.13652 1.13943
0.00463 0.02333  0.03520 | 0.03968 0.04032 0.04042
0.34530 0.26288 1.01103 | 1.12930 1.10073 1.10367
0.00156  0.00779 0.02260 | 0.02440 0.00453 0.00466
0.34538 0.27669 1.00143 | 1.10948 1.10069 1.10352
0.00148 0.00602 0.01300 | 0.00458 0.00449 0.00451

GANs

XA GANs X 2%

Attention-GANs

F3IBIHMLEE AR, ETFREIREEE B EAREZE . RO E B
/N B EMETRBAR R O R 3T 100 J7 (8 fon i 2= (i AL RIS — 17308
PRUEHRY FTEREER . 8B AT SRR A IR BRI Z A X E. F 3.3711F,
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Attention-GANSs 285 d SER A R i e 5 s . HUGERUAAY GANs (W28, 5l
[ GANs ¥4 5 JEUaEE 22 BRI SRR 514, Attention-GANS F AR HOIUR 25
A Attention Z5 A R AR AL AR A B A B2 TT o

34 FENG

ANEE R R B R AN R, 2 H T — OBy BT Attention-GAN (Y
BARY 7071 AR RFEABARAI AR, Fu50 78 & 1 = a2 s AU < [ R 2 2 A
KRR P ZJT B FESTEEFE LA T JUR: B8, SR T RUAE BB 1 S
AEIE I 7V A ) B R A A A RE A% A RO UG S AR < IR e AR,
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Fig. 4.2 Pre-trained network architecture
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Table 4.1 Experimental parameter settings

ZH T ZRBr B OB B
HAEbR e T MinMaxScaler MinMaxScaler

Batch _Size b 128 256

Optimizer SGD SGD
Momentum parameter m 0.9 0.9

Learning rate Ir 0.001 0.005
Weight decay 0.001 le-3
Max epochs 75 30

4.2.1 EuEmHEL

B, A SMT-SA R St TAdR R HEML (Standardization, SR Z-score normalizati-
on), I EA AR R A B9 R AE B4R B G — IR, AR — 2 0 e —
SETEEINEIE , XA T BT TRAERR I, TRER I ERIER

HARPRUEAL R . B Se X B0 x 3 p b E, FHERIEZE o 48758, BoE
S MRMAIIE R 0, J7 254 1 IIEZS AT (RIFRIEEZS 70 A1), AU :

A (4.6)
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Table 4.2 Fault detection experiment results on the SMT-SA dataset with different sample sizes

Data imbalance ratio Data sample =~ ACC F1Score PrecitionScore

40/1 800/25 99.803% 99.833% 99.602%
80/1 800/10 99.724% 99.701% 99.404%
133/1 800/6 99.632%  99.602% 99.206%
400/1 800/2 99.523%  99.502% 99.010%

- 400/2 99.234%  99.206% 98.425%
- 20072 98.912% 98.909% 97.847%
- 10072 98.576% 98.522% 97.087%
- 100/10 99.803% 99.833% 99.602%

BLA, A TIZRRT S ARFAESE T T AT e, 4. 4R1E4.5F 7R« 2168 RURTEE
U BIFR N IE BRI e s . AR FR AT CUE Tl 005 YRR O 28 1 b 40
FFERe AEFINBEMERIS, FHAERYE BTN, B8 2 S R E SR 2R AIBE K
ISR ERHE . RUEFETUIZRE AR AU T REFHI 28451 (EAEILER BRI N B
MRS DU SRR AEAR I 5 T OB E 1
423 XFHLSEHY

FEIR—B55 A4 T 12 5 IR B2 ) B I BRI A T R W A ISR LA

» Ding 55 A2 $ H7 —Ffuii ol b2 > i B W E )25 777k (SSPCL) .

o Zhu NSRRI T — i@ AR R 2 RIEBFUZ ML (MSCNN) JJE{ 7K
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Table 4.3 Results of the fault detection comparative experiment

Method ACC F1Score PrecitionScore

SSPCL 98.835% 98.805% 98.413%
MSCNN 99.234%  99.206% 98.425%
Our Method  99.803%  99.833% 99.602%

4.2.4 JERHIR
FEIX g, BT USRI RIS PRI RO R AR R 245 (1 D kR L
* Modell: HTAIECHRIAYE T MZET VGG16_Bn 2%, kit 17— H
W ERY, i VGG16_Bn MZE I THRFESR U I 2R, FEAERORA 4N T 7
PeEER. (FEIESEH BE MBI R AR MR, A2 EARR
BRI
* Model2: N TIRIEZ R, MR 7 AL IRATBTEA & M, RIDOGAT 0 2545
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Table 4.4 Results of the cross-sensor fault detection ablation experiment

Model VGGl16 MD CM SM ACC Fl-score  PrecitionScore

Model 1 v 90.816% 91.575% 90.821%
Model 2 v v 93.423% 93.809% 88.339%
Model 3 v v 98.233% 98.232% 96.525%
Model 4 v v v 99.675% 99.018% 98.039%
Model 5 v vV oo v 99.687% 99.602% 99.206%

Our Model v v v o v 99.803% 99.833% 99.602%

MD=multi-dimension, CM=cross-sensor, SM=salience module.
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