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Abstract

Converting industrial time series into structured text facilitates the use of process semantics but com-
presses frequency-domain structures and local variations in the original signals. Meanwhile, the com-
plementary value of auxiliary numeric information varies across fault classes and samples. To address
these issues, this paper constructs a numeric branch based on cross-run stable statistical features and
proposes class-aware adaptive fusion (CAAF). Dominant-frequency amplitude ratio, dominant-fre-
quency location, and monotonicity are first selected according to the consistency of fault-effect direc-
tions and magnitudes across independent development runs. Variable-identity mapping and a light-
weight encoder then transform these statistics into numeric class scores. CAAF further extends con-
ventional sample-wise fusion to sample-class-specific weighting: class-wise coefficients character-
ize class-dependent numeric corrections, while a text-confidence gate controls sample-dependent
intervention. Experiments on the 21-class Tennessee Eastman Process benchmark show that CAAF
achieves an accuracy of 94.51%, exceeding the text-only branch, static fusion, and QMF by 1.83, 1.14,
and 0.75 percentage points, respectively. Its average accuracy on the five difficult classes from IDV-16
to IDV-20 reaches 89.35%. Ablation, multi-seed repeated training, and numeric-information pertur-
bation experiments further indicate that the improvement mainly arises from selective compensation
for class-dependent errors of the text branch.
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Figure 1. Overall fault diagnosis framework and CAAF fusion module
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Figure 2. Cross-run stable statistical feature screening and numeric branch construction
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Figure 3. Comparison of cross-run stability among candidate statistical features
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Figure 4. Class-wise recoverable proportion of the numeric branch among samples misclassified by the text branch
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— 2R AT SN ZRIMBLE %, 155 3584 4ESCARIR, FEHIURIIZRAI 0 FSLMUE R 21 480K
KR 2, o S EERMG SEIOVR G SURGADAS I RBEHRAN 723k, T B3 = m— 1 AR5 5 . Bl
N 52 ANMEEARRMNE S 3 RAETTERIFN 156 4E R &, BUE LKA 156 44 1% 42 -ReLU-Dropout-
21 EATEHEZ” 454, Dropout 4 0.3. HUE LSRG HIYCRA Adam RALES, %2135 H1x107, BERE
W 1Ix107, RN 512, SRUIZRRECN 300, FASMOMERN 300 &7 AR IR 4R H br s H0E £
AR BURG T 5

Table 1. Comparison methods and fusion mechanisms

F 1. WMHEFEREBMEEH

T5ik UL WERE i
AR ASCASE P ] 5 SCAR 43 3 AR 43 7 [ 52
Static Zixt TOZpm 25 G327y
T™MC UEHE AN e M S A E AL A FEA - LI EE Al A
PDF T 1) (R SRS B A Rl FEA A E
MNL il SOBIRE S B R R FEA IR B 5 2 5]
QMF Ji S R A IR EZN R e A5 B AL
CAAF Zo T (%,€) Zy B - 251 ES ik

S L AR Al Ay S . AR RS . TMC. QMF. PDF fil MNL. 40 S A7y 32 A A F [ 5 S0 A
SRR, TSGR A A R R ST bR E A EUE AR 4. TMC [15]58 5 UE R i S r] 5 2 40 K140
45 QMF [1614K 45 fg & B AS T A RFEAR B SRLE ; PDF 2418 A S B BHEEEE SR
HETE RN A ALE ;. MNL [25 5] F S8 T 51 S 35BS 3E B AR . RIS CAR 5HUES 5 REAF
TEZE 5t s RSCAEA AR & 7% DAL RT3 N 3T P SR UE AL : TMC 43 318 5 IUIE 4 51 O\ AT 2% SR
QMF X 8 & B (5 B AT AR A0 I 1 B m] % SRl & RUEE, PDF AT MINL 5 R AR ] PR [ 58 SCAR N 2 008 =k
F IR E LR IR 1 AR

3.3. ISHEEEERTEE

ACLALECAS S WA B 4 RIS A T BN BT B, 746 WEL RIS 21 2
R A TR TR R R AR bE T T W R AL 0T A A 20, B2 T T2 B
RSN 24 PTG OUCHR TSR BRHEE S A AR
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Table 2. Overall performance comparison of different methods

F 2. NEFEMERMERERTEL

Wikis Accuracy/% BAXKRA A7 K W 2P R 2/ %
IS 92.68 - 84.21

Static 93.37 +0.69 87.25

TMC 92.81 +0.13 84.64

PDF 93.63 +0.95 86.80

MNL 93.68 +1.00 87.27

QMF 93.76 +1.08 87.97

CAAF 94.51 +1.83 89.35

%2 I TAEJTVELE TEP 21 284145 BPEBAARLE IR . AiCAR S SCHER 2N 92.68%, TR — )
SOARKENE . ARG BRI AL m A 93.37%, BAESUARSr SN 0.69 N E 4 AL RIUIRE ST RHIEREE
FEHEE AN TR TMC BIHERA 2 92.81%, BRAE AR5 3CHE 5 0.13 /N 43 £4; PDF Al MNL 43 51lik £ 93.63%
F1193.68%; QMF HUf3 93.76%, Akt bbb & ik it g 4 .

CAAF [EEARHERZRIEE] 94.51%, AT 3. EARA A QMF 7 5lH M 1.83. 1.14 f10.75 4
B e 5RMAE R ERFEARGRER LML, CAAF #5785 % 2 ) 45 B 45 BUEIE IR A
FEEE, REME R ZEm 0 ATAN I EAME S o WRAE T 28~ iR 20 R A0S0 A 53 IV 84.21% 4 1 22 89.35%,
Tt A 188 2 B o ) ¥ 218 A A T ) s

RG] CAAF Rk febs B RARENS, (H-FHAPEae A fe S B SR 2 7, AR
S a AT AR T TSR SIS R . WA RE G I 2R A, Bl S i — P LU IDV-16 % IDV-
20 HZFLE R

BE—F L IDV-16 % IDV-20 FIEEAEM 2 A FI P HME R LU G o o e 1) A & 7 B8 5 A% 15
B, UK SCARIX ) BRI PR REAR T AR K, DR T BE 8 B T B S IR A (] Rl A SR s A2 75 R
HUEAS BAME T SR SRR H

PRI T3 3% 535 i i R

BREHE (%)
85

75 80 90 95 100

IDV-16

IDV-17

SR
[N Static
N TMC
[T PDF

IDV-18

[ MNL
= QMF
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IDV-19
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89.35

Figure 5. Comparison of per-class diagnostic accuracy on difficult fault classes
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KI5 45 7 ANETTIEAE IDV-16 2 IDV-20 b [RESUER 2 2007y SO L8P B HERfR %08 84.21%,
B 21 REREM AL 8.47 NE /TR, RUUARFIRIEMN A SR BRI 6e 10 B TR . ShaSmE .
PDF. MNL fil QMF 73 5l¥ FL 25 P HER R IR £ 87.25%- 86.80%. 87.27%F1 87.97%. % 7 iEH5-E AR
FIFERE G, Ui G H e BRI 78 45 ML SCAR R 78 50 PR BE 1A R B B AS RRAIE o

CAAF 1F T2 R M i 0 ~F- ) i 20k 5] 89.35%, B4l SCA 4y S Al QMF 23 Wil &7 5.14 A1 1.38 4
B4 . £ IDV-16. IDV-17. IDV-18. IDV-19 f1IDV-20 I, CAAF FIHERR 55N 86.37% 86.32%-
89.65%- 86.45%K197.97%, ¥ T ARG 3. K, IDV-20 FEUE 7 SOMSZHER R IR A L8, HIE 4
BIRIZR AR IR A A BRI TRl 2= 0] o K50 R = 7 RCEUE PR 7 2R ik il il bz
TEAER, FEART 42 I BR i A8 TE 50 v AR SCARFEAR IR o 3B 45 R BAME 4777 n)— 30 UiW] CAAF
() PR B 3 P B TR X 2R R B D R e o 2S5 1R BR T TEP W 5 IR M, 79N 15 LR
SLDTHRAT T 2 G T Rl S
34. MEHEAERTHT

NIX 43283 R BORIREAS 143 AR FH , AT DA Static AZ IR, IR ELEAX AR BE 25550 R AL Ours-A
AR FEARTTHE ) Ours-B MISE%HE CAAF. LI RN 78 55 BAAMERA 22 . AL F1 AN HE 128 T3 HERf 22,
DLW 25 ZELAF ) D iR 75 7E A AR 25 5 TR 2R B PR — 3

VHRLSEEG LA Static Ours-A. Ours-B F158 % CAAF. Static {X 2% ] & JRibrE a ; Ours-A R 205 &
Mo, , MEMBEARTE: Ours-B IR SCABGE 12 g(x), BEMILEF Rl R 7T CAAF
IR o, Ml g (x) o BRI FRIBUE K IR E Bkl o A Ay B ) .

Table 3. Ablation results of CAAF components
=z 3. CAAF 12HERIZE R

Hik ESES A2 Accuracy/% A F1/% A3 PR/ %
Static %5 7 93.3700 93.3500 87.2500
Ours-A & & 942176 94.1983 88.9365
Ours-B % P 93.9284 93.9071 88.2742
CAAF P 2 94.5100 94.5000 89.3500

3L T CAAF S 414 Rl 45 5 . Ours-A F1 Ours-B AR HE R 2R 73 531 4 94.2176% 41 93.9284%,
B Static 43 AlHER 0.8476 F1 0.5584 NE 7, ULAHSRAI R B G FEAR T TS REM O G RLG R RE . SRR
CAAF [AHERIRIE ] 94.5100%, % Ours-A Al Ours-B 73 5415 0.2924 F1 0.5816 N E 7 . CAAF Xt
Ours-B 148 25 52 Wi 24 55 45 B AR I TR, ARG Ours-A (139 25 0 2% WAL AS T 15 e 2R BB IE JE Rl 1 3k
— G FEAR IR

PR 3 218 BV i 48 B S B AR M e HE/F — 3. Static. Ours-B. Ours-A fll CAAF K25 F I HERf R IR
N 87.2500%. 88.2742%. 88.9365%K1 89.3500%. CAAF % Ours-B $215 1.0758 ANE 4015, % Ours-A 2
15 0.4135 NE 43 A, F0 RECHT SR 3G 25 78 R SR BSOS . AL F1 5 Accuracy [HER — 2 H L
R, SMRERMNIDER KB, 2REY, K REFEAT 145 7 Mgk 20 5 4 ai A A M
ANERE BB IEYS, ZF LR A - SRR G o I Al s 0 B ST AE A (RO S AN [ i otk K
T AN THERTAS [R5 5 75 5 sl Al 4R 2% 1 T B MERE AR AL
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3.5. GiitiRE M KRR A HLHILEIE

B RE LU AN AT AT A 2 CLHERRBENLAT AR A . B R RE R E . FTE SR ERE S 555
AR, . AT e A4l U Ay 32 . Statics. QMF Al CAAF LB %, @it 10 Yhar 8 2 i AE2
SRETE; PG MR IBIT AR E ¢, MEIERHERFRR . RANGEARZHITERE; &5 48Ul
= BRI SRCE - BAMERTRIC R, BT IE AL 35 S ERE B B SR R T A TR

F ARG 7 iR R FARRIG 10 ANBENLFT EZ IR, RS0 508 Rl o SO 65145 55, X
B HUE K 5 b S R I BENLRI 461 . 95% B (E X MKABAEAIME . FEARVRUEZER ¢ A G FHETHE
CAAF 5 Static. QMF Z B3 T M [FIFEHLAN 7 F 14 Rl AT RO ¢ 4650 5 [ SOAR 2 SCHUBET, SHEIR
HER R ZEPATHT F 0 M BFEA 850 . 2 HLECR A Holm Ji5A% IE .

Table 4. Multi-seed repeated experiments and significance tests

T4 ZMTEESEEMRE

J¥E Accuracy ¥H/% FREZE/Y%  9S%EBEREXEFEY% WA FHEFRHE/ % 5 CAAF LB p A
afie gk 92.6800 0.0000 0.0000 84.2100 <0.0001

Static 93.3681 0.0685 0.0490 87.2479 <0.0001

QMF 93.7649 0.0553 0.0396 87.9688 <0.0001

CAAF 94.5139 0.0454 0.0325 89.3479

RATH T 2R EE LR, Staticc. QMF Fl CAAF FF3HERER 70-51°8 93.3681%. 93.7649%
M 94.5139%, SRR PMHERAT —8: =& PAREZEIKIN 0.0685%. 0.0553%F1 0.0454%, 95%E
13 X TH] 2= B2 3 7N 0.0490%+ 0.0396%11 0.0325% . 2l SCA 3y SR F [ @ AR5, A SZrh A B BEALY]
MEtsem, HUAERIZRIRFEN 92.6800%. CAAF TEHUAS A i ~F- 3 HERA 26 1 [F] B A SR I H 5K 1)l ZRipe 50«

ZAHKI SR LY, CAAF MX4ISC Ay 52, Static A1 QMF (IR IEJG p /M T 0.0001, ~FI3RTT
5379 1.8339. 1.1458 Fl1 0.7490 N 43 mio  FIR$RETHIRFE S Bk SLIR 25 R A — 8, UL CAAF MHXT T
F BRI R AAE AN FIBENLAIIA L TR RS o 1245 5L Sk [ 52 Bl R 2> T il gta e rt, ARE
Tk O A B A& Tl e S 4Rz fhge

3.5.1. BEITRESBYES

SRS I A 5 AR 7 128 X0 25 72 T B IS, FEORFFAFAE NI BRIME 7 = 0.5000 AR AF T, # e ki
4 0.1000, 0.1500. 0.2000. 0.2500. 0.3000 F1 0.3500, JEFiHHE 8 kG HEFIE BB BT RIFE,
ST &, WKHE RS > ¢ 18 BUHE 7 S NRHE, ZEAH R0 R 23 A1 10 ASBEHLA 15 B R a7 5 |
RFE . BRI RER S Accuracy MM ARUEZE . 95% E A5 [X [H] 2 B8 AR Xk 1128 T HHERf 2R .

Table 5. Cross-run retention rates of candidate statistical features under different & values

F 5. TE e MEEFITFHENBESITRIER

& FHEESK FHME 0 REk WEE  BRAREEE ABAE  RA&HE ¥
0.1000  0.6118 0.4321 0.4185 0.2182 0.2074 0.0711 0.0522 0.0280
0.1500  0.7062 0.5136 0.4964 0.2945 0.2805 0.0946 0.0691 0.0391
0.2000  0.7806 0.5625 0.5521 0.3732 0.3523 0.1232 0.0930 0.0580
02500  0.8283 0.6159 0.6033 0.4288 0.4068 0.1445 0.1122 0.0674
0.3000  0.8608 0.6533 0.6415 0.4761 0.4517 0.1762 0.1331 0.0816
03500  0.8879 0.6827 0.6719 0.5136 0.4899 0.1990 0.1549 0.0965
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5 R, 8 FHELAFAE M PRIFZR I & 5O T ARG I, (FUREAE A) (R AR HE PP R R AR E « £=0.1000
AN SRR 7 EEIA B NIEBRIME: & =0.1500 B F 007 Bk —3P Nidk: 24 & 46T 0.2000 % 0.3000 f, A
SR A EIRAE S L. SO BN, & A 0.3500 J5, FRAEZE AL E] 0.5136 FEEA
A ZEE RV, & EEEWIG FAFE R SEL L, = MEOG TS EE PSR ZE X AN A
FasE s AT I

Table 6. Effects of &£ on selected features and CAAF performance
6. & IINIEFFHER CAAF MEEERIZZNG

. o, v
0.1000 SRR o5 E 1 94.0137 0.0720  0.0515 88.1996 -0.5335
0.1500 FARAE S b EAAE 2 942744  0.0589  0.0421 88.7615 -0.2728
0.2000 EAMMRAE & Eb. AL E . SRR 3 945472 0.0451  0.0323 89.3456 0.0000
0.2500 AMEME St T E . RN 3 94.5472  0.0451  0.0323 89.3456 0.0000
0.3000 AMEME Sk T E . RN 3 945472  0.0451  0.0323 89.3456 0.0000
0.3500 EHRE L, EHE, 4 94.2483  0.0629  0.0450 88.8199 —0.2989

FETE, bR

%6 HE—IBRM, & i/INKETRE SR A AS,  BUE 5 SR > A B B P I I RE R P
£=0.1000 F1 0.1500 I}, Accuracy HIMEZ> BN 94.0137%F1 94.2744%, % & =0.2000 73 HIFFA% 0.5335 A
0.2728 NHET M. M e 4T 0.2000 % 0.3000 B, NIEFFEEE G AL, Accuracy SMEARIE N 94.5472%,
PREZE R 0.0451%, 95%EAE X A58 0.0323%, [RIME F P IHER % 89.3456%. & =0.3500 B 5] A
FrifEZE, Accuracy SAMEFE R 94.2483%, WM TP I HER 1% 2 88.8199%, i W B8 45 7 J 4NN ) 55 44
ERFIE S B NFANEAT 25 . BUBPESZIG T 1) & = 0.2000 45 5 5% 4 (AL ZF01 S2I6AH 2 0.0333 M E
AL, ER/NTHABGXNES, BASUEMREHET . Bk, ARH £ =0.2000, E&FE X IR A
JE = RAZ R N 25 1R 1 B /N U

3.5.2. BEFEERBHMIIE

RlAPERE OB AT RESR BT S 80 280 B B 2R FE AR i el B IE AR PE D, WA —sE Sk F Seit
BENEARG . AR EUE IR S5 REE 85 2 [ X B 6 &R, ASTTRE 5E A — CAAF SRS, ALENHR
B BB AR AT B G RS B8 X, LSRRIk S R e R P e (1 AR A

B (5 BBORSe b W B =M JFUASTHEE . WSREAYEFEFENLITELI GE AR AE, DA R R4S REA
AHBAHLE e 52 MR 5 = 2RGS0 A B T RRE . FEARYEST ELIIREUE N A 5 MRTREA
SR 2 RSN K Ry AR B N AT ELAR B FEAR R G o0 Ai (BN g N 4 FE BT AR AR 1 A2 & 5 4 A ¢
THE . WA EELIIER 10 MENAFES, SR A e B S8, AEFTNLZHRN .

Kl 6 45 H T BUEE BRI RTE YRR . A R URHRFIERT, Accuracy HIIAL F1 43508 94.5100%
F1 94.5000%. FEAYEFTELIG, PIIFERR I P42 92.5873%F1 92.5486%, i Accuracy R4 1.9227 N F
G, JEERAR T4l SCAR S 301 92.6800%. XK, EUE N A MHTFEARRECH , B IBUE NS 7
RIHEARA . BRESG D 5 EXN RO RITEG, Accuracy M7 93.2384%, BUSUAFHIE T R
12716 MEIF R SRV, B E S 2 BUE RS B RS0 [ ) 2R .
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Figure 6. Effects of numeric information corruption on fusion diagnosis performance

6. HEESMIANRL SIS H I RERIRI M

PRI o 250 BB (5 B PR R 0t B ey UM o REAR AT LA AR 5 6) BT LS 1) 28 F B HE A 240 3l
N 83.8647%1 85.7936%, B JRUHHFE T B4 5.4853 Fi1 3.5564 /> 43 1o B F AR T4 ST A 4> 3 1K) 84.2100%,
JEEALT Static ] 87.2500%. PR IR 77 I8 R A BIPERE A S M1 7%, HAE AN R K B R 3 1 I 45
KR, HILAT WL, CAAF 3§ 55 K5 1 T FE A UL IC R EUE N 8 & 5 0 BT LI P B0 B G &R
ANREAN B S HOMASEIE N 5200 O B AR o 1% SR B0 IE (1) R AR A 6 A Xt B R IR IR oL, AN S [A])F
SEMEFE | AR RIS RS B BB SR N I E RS 1R

353, BERMANESEHMENMT

S 12 SRR S50 5 T A AU 2 A AL P 8, R A 00 2 BT 75 15 9K 123
SCAREAR 2t B0, A9 BB A i 5 AR B M REART TR R OB, I
IMAR I R TR SO R AR S M (b 77 02 5 4 AR — KB LA

WTCSR KA 100 ar(x,y) = t, - g () TR RO A NSRIE, FEHHBEHKH RS 4 F o 3
E2ZMNHRAR. 0T RQOFHERSEN, o, Ma(xy) RN, AR,

Table 7. Correlation analysis between fusion weights and complementarity

= 7. MENESEAMENEX S

SR Fa,  FEHEBREa(x,y) SRR g (x) SR FIZ K Pearson r
el 1.1837 0.5604 0.4681 0.7416
IDV-16 £ IDV-20 1.4618 0.7913 0.5413 0.5037
WA TR SCARIERIRE A - 0.7290 0.4987
PRHE 128 R SR H IR FEAR - 1.1232 0.7684

# 7 5 T AR E S EAMERISIT AR . &E8 21 BT a, A 1.1837, WMETLEN 1.4618, J5
AR 23.4941% . A= H1 0 55 R HE T2 01 35046 OBUE 5353008 0.5604 F110.7913, ~F35 1 14246 43 71 4 0.4681
AT 054130 FHESTEATERIE A RECR-F 11988, —HILFEERE, HA RSB EE AT
EHE R 41.2027%. %45 R 5K 4 Fos B 3 B BT RUR] 25 ] 1 B R — 3K

TERAE LS, SURIEWIRE A 5 SUAREHRFEAR B8 57 718 0.4987 F10.7684, f5 #4215 0.2697;
XA R H 0.7290 92 11232, 3% HRIAME T 28 SCAR IER 5 R FEA I LU CCARHERR %N 0.8421)
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IS, PR A A R E 2 508 0.5413 F110.7913, 5% 7 BCESE R 8. CAREHRREASRISG E
BB NG, RIAREAR 42 1R 7 ) 5 SO B R H AR — 2L

TER] 3 AT RUE ) 20 NEGIF, o, HATIEIZ 1) Pearson FHOE RN 0.7416, FHH M # Bk 25
SRIEAHOG. AT N BIAE O R ECN 0.5037, (HEITREAR SO 5 A, %4 RAH TR B &S, A
VENREVEIEYE . B0 R A FEAR TR BOBLE 0 45 R 5 BAMES T 77 i —30,  y CAAF 1k
AR - FRNGR AR T SEUZ T IR . AT AR B AR R SRR, FL 4510 Va2 8 S A
A HE S R ) .

4. &g

AT RE T B 7 SCA AN BT 485 K R0 3 0 A A5 B R4, AR 55 U0 7 S A MEAE FH B i
TR AR AR 0] /T, 38 H 2 T I8 AT A2 Go v R Ak 5 28 0B N 3 02 i B () AR T i 12 W 7
Pio W, AR RO RN T R S5 0 R TR P AN BRSL T RIS AT A — B M RS IS AT IR R, IR 3 A0
E A FIh BRI, @l E S S SR E RIS ERE . S, DUOCAREFIREAR )
AR e 20 3 S R 2R AR DG ELAN A B], R RS BLEY RN o (x, o), R R SCAR B
253 VT BUE R 1 2R A8 IR R B2 SR AR A AFEEE

TEP21 K#iFRiZ W4 R, CAAF KSR HER RILS] 94.51%, BAiCAD L. Fsaa
QMF Zp 5l 1.83. 1.14 A1 0.75 NE 7 A 1€ IDV-16 £ IDV-20 TSR ME# ke T 2 dErh ik 5
89.35%, BASIA Y SCHE S 5.14 N E Sy pi. WHUHRL A RR, FON KB G FEAR TSR AR T =R
Tk BEIBAT A ERUBRME S HE— bR, 2 e 4T 0.2000 £ 0.3000 B, ANIERFEEAHRFAL, 10 K
HAR N Accucy MIMEFREN 94.5472%, FRiEZEN 0.0451%:; ¢ /N ist EAMEFAE, o K< 5IN
S5FeERHIE . BUEME BAA SRR MBS BCE TR, TERENY f 5 A R E A A B R B iy KR
K EAMEAFLE AR NG R

ASCSLIRAT LA TEP B —JEUE N 32, B8 Gt Rk i 07 28 ¥ Bl PR e T I I 4R & UM 7 BT tHAY
BRI RIBITAERT) & BUE . MRTEE MR RGPl BSE TR RS | (R AR . BREE. B
TR S RN 25 BT A% 26 A N INIENERE 775 [ e A8 & B Wi I S I Rl 2 S INTE 263038 A7 i S5 1
HIRA . R8s S5 A Bz TV AR F RS2 B I0UE, B 70 A4S M 1b SCA AR B H B (O 76 28 B &
REOEERE 790, ot — DR ) SO B 1R 31 (R il SR MR s 5 7 B R 5 L S e A

.
HE&mHE

HERRBH R F R AR RITIE, THSS: YKICX2520515.
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