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Two-stage Multi-teacher Knowledge Distillation for Industrial Process Fault Detection
CHEN Guang-Jie' ZHANG Hong-Hai' LIU Yi®* ZHOU Le'

Abstract Modern industrial process data are characterized by large scale, high dimensionality, and complex correl-
ations, making it difficult for a single multivariate statistical monitoring method to simultaneously address diverse
monitoring requirements. Although multi-model fusion methods and deep learning techniques can improve fault de-
tection performance, the former relies on the construction of model libraries and lacks unified modeling capability,
while the latter suffers from complex structures and parameter redundancy. To address these issues, a two-stage
multi-teacher knowledge distillation method for industrial process modeling and fault detection is proposed. In this
framework, heterogeneous knowledge extracted by kernel principal component analysis and independent component
analysis is embedded into a student autoencoder model, enabling unified modeling of nonlinear and non-Gaussian
characteristics. A two-stage distillation strategy is further adopted to collaboratively optimize the feature space and
reconstruction space. In the first stage, feature-level distillation guides the student model to learn the feature distri-
butions of the teacher models. In the second stage, reconstruction-level distillation is performed to enhance the mod-
el’s capability in representing and reconstructing process variations. Experiments on the Tennessee-Eastman simu-
lation process and a real ammonia synthesis process demonstrate that the proposed method can effectively improve
fault detection accuracy and robustness, while achieving unified modeling and efficient online monitoring through
offline knowledge distillation.

Keywords independent component analysis; kernel principal component analysis; knowledge distillation; multi-
teacher knowledge distillation; fault detection
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Fig.1 Framework of two-stage multi-teacher knowledge distillation for process monitoring
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VR ZEREAIE 45 O RE Y I | S MR 2% 1) 51 24
) O RIVRGE RS, A5 AR R L 4% 5 0T — 300
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TEVI R AR, 58 B B DI % L K
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LSRR 5 S A N 2 T P B 22, WA %
IF 00 TE 3 0K 0 M

HE— 25, A OB 12 5% 2 %5 ] o O S
FIBIE B MR 5 2 BB BN T KL
FERIGETH MR Licr, . ¥ Q) N R B %
ZEG TR, Qp N E % BT A8 5 R Gt
MIPERFE S0y IR, ot 28k SUh:

e (o(2)1(%) o

SR MR S AU RIS, B P BN
PR B b e SON:

LStage2 = 5LRccon + (]- - /B)LKLQ (28)

Hori, g (o, 1) AU AL, AT Pl ERTIR S
BRI GE T BRI 2 TR TR, AW BRI
GEEE IR ALsrager = [L), 00 — Liraids]
INF TR B e B, IR EL SO SR AT £
iES

3 RGIAR

NIRRT PRI B 22 20 N R 28 AR 7
MTTIERA R 52 ARE T, AR SCIR B > 3L 2 52
BT 5T PG~ 172 (Tennessee-Eastman,
TE) 25 SLbr & ez =l 2. AL,
KPCA 5 ICA PR BUMAR AL I B T 1B T Eds
BRI FF R FH P YRR BV 2 3 R RS Ay
. X T KPCA B8, % ek ¥k H m iz, H
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g . RS SRIn gt R, RO 5 1%
AR AR 9 2 M ZS TR (multi-teacher dis-
tillation model, MTDM); Bt4bh, 7EfT A Itz B+,
G RN, SRR s g 2l 2.

£ TE i stiorh, BEMAKPEEN § = 5%.
e WU R E DL PR IR BR 2R AT VAl A
(fault detection rate, FDR), R[4 il PR 1) e e
FEAS o A0 S A AR 1 LU A A U B ) (faalt
detection time, FDT), BRI IELL /S FEAE %
PR FIFEA T 5.

TEG A A I R, R TR
ASTREEERE S, BEHKPREN S = 1%.
I BB B 1A FH B A I A AE R AR R
(false alarm rate, FAR) fENVFAT 4B FR, J5# Fw
1% A I ) T AR A B A

3.1 TE 37218

TE i FEP A2 ik 2 W I 4503k 117 25 it 356 o 1
TE MR 2 fix, B8 20T ie
5 2 R W R AR f e g 1 222 2 ARSIk Y 52 A
SRR EAE NI X %, KT X 52 AN AR & 1
VRGNS B AT 2 WGk 23], AESZie b, B 1 RhER
TR 21 Fhikbe Ta. 1E% T BHEEAE 1460
AMFEAS, FLHRT 500 AMFEASH TR SR, 4 960
MEAR TS ENERER. &M
Wb T O A s AR B B 960 MAEA, H R 7E
160 MEARZ JEHETIN.
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Fig.2  Flowchart of the TE process
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HRID R EERN [128, 64, 32), RG24 5H0FR. 16
TE SEieHh, SRR KM Gl N S0 E
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9 0.002. Z&WEE AR B BOIZR % 300 #9F H

HEESH ~ BN 5. 30 (26) At (28) W, Bl B
KRB ERE B EEN =065 5=0.3.

ek F5 A WIS RAn i 3 pron. BRI
)24 AE BAE 7205) Giih & FRES T 48 160 4
T AR A AN 28] e, E FLAR I 2R BRI, AN 34.88%;
FIRE, QW) Gith &I FDT Jy 162, % W Aa 2 Ky
34.50%. M4z AT B R gL 2], MTDM RS 14
Re L PETE, MG EM FDT ¥28 160, H XM
1] FDR ik 3] 1 100%.

4 &R TR F10 F 281 AT e B A i
PEREXT LL g . ZZMM AT 12542 AR BERLAE 7209) &
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Fig.3 AE monitoring results before and after
distillation for fault F5 in the TE process
((a) Student AE model; (b) MTDM)
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Fig.4 AE monitoring results before and after

distillation for fault F10 in the TE process
((a) Student AE model; (b) MTDM)
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FDR 454 49.12% 5 56.38%; 1 MTDM H# A4
it &) FDT 4333 A1 & 181 5 185, X% FDR
Sy R E A 88.00% 5 81.50%. SLu64E R KM
T 2 B BRI P 5 e - U v A

JE, W F19 3E— B IGAE T 281 A 2k,
ks F19 W gs e 5 fros. &R 2EA AR
RECRY A B AN T R), 7205) G5 B AR REAG I 21
. H FDR 1A 25.50%, Q) Giit & BIES 623
ANFEA A fih e 4% AEURE IR AN 25.37%; 1
MTDM A G it & 7205 F1 QW) 43 HITES 169
MEEARFIZE 168 ANMFEARRE I B HE, %R FDR
435K 86.62% F1 73.88%.

SEA: AE BURAE R F19 R IIAS R

— giith
- iR
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— Gt
—
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= 40 B
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Fig.5 AE monitoring results before and after
distillation for fault F19 in the TE process
((a) Student AE model; (b) MTDM)

T BN T AT SR (ICA,
KPCA) DL R ZEMHAT 2248 AE BE87E 21 A TE i
e AT ol S SN S R NS S R C s 125 S S
MTDM fER 2 AR T 200 KPCA Fl 281G 1 2%
£ AE BIAL (HBSK T B0 ICA.

XA 2 25 AR — o0, AT R R 2
BLH BLF = RS T

— e AR Y B W BRI L. i E RS
F10. F19 %8, MTDM 7£ # A8 _EAH b 7%
TRHTA B RAEm, Ik 1 2 B0 2818 SRS E AR
% R M 425 B8 77 14 58 7 T PR R

R REME S B, 3T F3. F9 A F15 #
B, DU 7 2 B I 26 I AR, 3X 2 BT X =AMk
A P RSB L A N E AN [ & 2 &L
B 9 W 5 v e DA 80 B =S MR R 4,
H AW F1, F2. F6 ~ F8. F12 ~ F14, F18 &k
R R, K 2RI RM RS T, UK

#1 21/ TE W FE#fK FDR—#T ICA. KPCA.
AE 5 Z HUMZEET7: (%)
Table 1 FDR of 21 TE process faults detected by ICA,
KPCA, AE, and multi-teacher distillation method (%)

e ICA KPCA AE MTDM
i 72(71) Q(ﬁ) T72(72) Q("'z) T2(8) Q(S) 72(8) Q(S)

F1  99.75 99.75 99.75 99.25 99.50 99.88 99.88 99.50
F2 9862 98.88 98.75 98.12 98.75 98.88 98.88 98.38
F3 8.75  8.50 788 9.62 10.12 5.62 7.88 6.25
F4 100.00 100.00 100.00 9.62  72.88 100.00 99.50 96.38
F5 100.00 100.00 28.62 31.25 34.88 34.50 100.00 100.00
F6 100.00 100.00 99.50 99.50  99.25 100.00 100.00 100.00
F7 100.00 100.00 100.00 66.75 100.00 100.00 100.00 100.00
F8 9838 9812 98.12 9725 97.50 95.12 98.38 97.50
F9 8.75  6.50 6.38 7.88 9.38  5.50 6.00 7.75
F10 90.50 90.62 54.75 49.25 49.12 56.38 88.00 81.50
F11 7838 7825 79.25 27.62 6438 61.38 73.25 66.88
F12  99.88 99.88 99.12 97.25 99.00 97.12 99.75 99.62
F13 9538 95.50 95.50 94.25 95.62 95.25 95.62 94.62
F14 100.00 100.00 100.00 93.00 100.00 97.88 100.00 99.88
F15 19.88 17.50 13.25 15.62 1238 875 14.00 8.75
F16 92.12 93.88 37.00 34.88 32.00 51.88 90.62 83.38
F17 96.25 96.25 96.00 76.12 85.50 96.50 95.38 91.62
F18 90.38 91.00 91.25 89.50 90.38 90.38 91.00 91.50
F19 86.50 90.75 18.88 1.75 25.50 25.37 86.62 73.88
F20 90.38 90.75 68.38 41.38 50.25 61.00 78.38 75.88
F21 64.88 61.62 54.37 30.12 4838 54.87 57.63 37.00
¥ 81.85 81.80 68.89 55.71  65.47 68.39 80.04 76.68

o U P el R B VAT 5, XA D ) AR
S, PROMA AR A K 2 Bt b T 75 e DR e e O A
I gE.

=R INVERE IR R BRSO, BRI F21 1
QY) Gt BRWIK N MEREA T N BE. /£ TE i 5l
FEAR, b F21 5 00 T R sl & i ia I A K
AR, A S BN R Y T SRR, AT
FEBAEAEI 8] _EAAE K. T F21 I B AR
SEAR B AR, 3 B R e UL 4 HRRAIE, 242
Y A 78 18 otk DA ST 150 1 28 50 28 i Bt 4 R
AN NIRRTV E NG

3.2 AREER

AT SIS HHE I — A H LS AR (am-
monia synthesis) 247 i B (1) — BUREAL Y (pri-
mary reformer) #.70, H T ZHREWE 62 Frs. %
BT B A% O D) RE 2 K R R A SR R S 28 IRR
G, Wi S RO R R RN SR,
HAE KA IR E (RERRBRIR ) M AR
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Fig.6  Flowchart of the primary reformer

FKEE MR L5 N RS S B e
SHCEDIRL.

PR S RNSEZML (B, ErELEM
—AIKPARFE B 55 —AIKP) RIARER T A T
SR DI R, ARSI B0 B BIAE TR
B S 1 7 2, B UE BT B 7 VR B A S I - v A b A
DX FP L i« TR, ik & R FAE g Lk
(15 % B A

ASCHEE 13 DN B NI %, T
X 13 AR AR B B PENE BT 2 DL SCHER [30-31].
NG UE A SCRTHE 7V 1076 5, DT sE s B v 4y
IR B S, REBVEL 2000 MFEA, 17BN
ARG Casel 1 Case?.

WA ZH AR SR, e H
WG Fe € TOL (Statel). Casel Y Statel XJ
0 ~ 700 FEAS, Case2 i Statel XM 0 ~ 1000 FEA,
7 L5 (RE A U9 T 2 (State2). ASzig It
T Statel BEATIIZRERIRIELE 812, FHRg 2R
. BARRIREAR R gk 2 B, Hodh T ) 5
e TN EE T, T Statel P)#e £ State2
(IREA £

SRR AR, B A R SRR 13 A
WFEAR R, HmADEeasiIoN [32, 16, 8], fRAD 3451
EHXRR. N Tl A B R, 2RI AT I A
AE HER 5 RS FT e 2800 07 1R AR R B 2R 2 5
MG BN 600, 2 2] WA 0.001. Z& 2

* 2 ARESER R E
Table 2  Data division settings for ammonia synthesis
experimental cases
EVE X S LanES e ERIAZE S
Casel 1~ 300 301 ~ 560 561 ~ 2000 140
Case2 1~ 550 551 ~ 800 801 ~ 2000 200

W BB BRI ZRECHS N 300 k. By — B
TR BB E RE RN o = 0.8 5 B =0.25,
HHRZ IR E S50y BN 6.

MRAE R 3 s g B, S P9 A FOUm AR Y
AT 224 AR BB DL K AR SCRTEE ) MTDM,
TEE R —BIPH Casel Ml Case2 AT
R REVEAY . SASKE, DUF775I97E FDR febr 1
KR LEF, Hrh ICA fl KPCA P/ #ikE AU 78 iy
AL AR RE T ARSI A

EAFERIZ, ZIEATH24E AR BT 7209
Giit EAE NS H ES T 100.00% AT 2R,
R AR 2 T BRAR ) B A R AR, M
B 7(a) AT 8(a) FWE 5 ih 2% b ] DU 0 F
BRI A AR AR 7205) Gk 8 WG T4
W Z 5 S HIE. XI5 5% 4 1 FAR
R (PR IR A 98.14%) e 4 —E. Ik,
UG ZRIBAT 24 E AR B 7209) Geit- & rE Rl
RITHRIMR M, H A= AR R AT H e 4k ok
TWEI AT AR, AR T s br ok R

£33 2N ERALRE BRI FDR— T ICA.
KPCA. AE 5Z ZUMZE M5 (%)
Table 3 FDR of 2 primary reformer cases in the ammo-

nia synthesis process detected by ICA, KPCA, AE, and
multi-teacher distillation method (%)

% i ICA KPCA AE MTDM

Gits 200 QU 2 QU2 p2AS) Q) p2(s) QS)
Casel 72.77 91.92 90.77 96.46 100.00 14.69 89.54 86.46
Case2 82.50 83.60 86.70 92.80 100.00 82.70 84.10 85.20
Yifg 77.64 87.76 88.74 94.63 100.00 48.70 86.82 85.83
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FEAGS B G
(b)
B 7 AREE B Casel i AE 781815 M 25 51
MY, H
((a) B4 AE #24Y; (b) MTDM)
Fig.7 AE monitoring results before and after distilla-

tion for Casel of the primary reformer in the ammonia
synthesis process ((a) Student AE model; (b) MTDM)
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Fig.8 AE monitoring results before and after distilla-

tion for Case2 of the primary reformer in the ammonia
synthesis process ((a) Student AE model; (b) MTDM)

R4 2MERALRE - BIP RGN FAR—ET ICA,
KPCA. AE 5Z HIMZIR 7% (%)
Table 4 FAR of 2 primary reformer cases in the ammo-
nia synthesis process detected by ICA, KPCA, AE, and
multi-teacher distillation method (%)

2451 ICA KPCA AE MTDM
W5 20 QU q2ra) Q) S Q) pAS) Q)
Casel 0 0 070 0 9928 0 0 0
Case2 0 0 10.00  4.00 97.00 500 500 5.50

WE 0 0 5.35 2.00 98.14 250 250 2.75

FHELZ T, MTDM 7 £ 457 458 i A i 256 (1 [] B
WAL T IRMR. WE 7(b) MK 8(b) B,
MTDM M Geit & 75 Lo U1 55 2 /i ¥ Gefa e Hifr
FREEFEHI IR LR, AAE Lol Ul s mi . 2% 4

15 R SRR TE 0% ~ 5.50% [X ], AH EL 28 08l () 2
A AE BAUKHE N B RETE Case2 [ QW) faks
b, MTDM HEHE BB T 29 0.50% W88,
(BT A T T B 52 Y LN
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Fig.9 Average fault detection rates of four methods on
the TE process

ASCIFEE = A HA AR 1 s 2 45 13047 X6 L
SR, ARG R B TR 5, o 72 5 Q) &
7~ MMSF 88 fmah & giit&. a Wb R BIL, 75
e F4 #, MTDM W5k Z g1t & QW) &M Tk
&5 e QW) fEHE F10 1, MTDM 1 3 55|
Guitg 720 [T 2GR &R 31
T2 e #FE F19 -, MTDM 1 % %5 ] 5 7% 2
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Table 5 FDR comparison between MTDM and MMSF
on representative TE process faults (%)
s o MTDM MMSF
[ 7205) o® ) o
F4 99.50 96.38 99.88 64.62
F10 88.00 81.50 86.00 81.88
F19 86.62 73.88 73.00 51.50

AL S 56 I TR T AE A R ik R oW 52
B, FEFE R P2, MTDM 5 MMSF
i T HH A PR R A M R S A ()R R e, AR
ReRIfaE. REAIBIET, R THEENZ K
RUF A U ZE 08 By SR RS I 2 5 T i P AE A
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