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Fault diagnosis performance improvement for chemical process based
on EasyEnsemble method
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Abstract: Imbalanced dataset is a phenomenon existing massively in the field of chemical process fault diagnosis. The
recognition rate of the classifier will be biased to the majority class samples when using imbalanced dataset as the training
set. As aresult, the normal state is easy to identify, while the fault state people concerned are difficult to be diagnosed. In this
paper, an EasyEnsemble based principle component analysis-support vector machine (EEPS) fault diagnosis algorithm is
proposed. After constructing a number of balanced subsets by under-sampling from the majority class, principle component
analysis (PCA) is used for feature extraction and a number of support vector machine (SVM) sub-classifiers are trained
accordingly. Then an integral classifier is developed by using the Adaboost algorithm. This integral classifier can be used
for fault diagnosis and prognosis. The experimental results on Tenessee Eastman (TE) chemical process show that the

proposed EEPS improves the diagnosis and prognosis performance on the imbalanced dataset.
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BT I R RS R B R T T K
DL 37 A HE DR AT 45 1) @, Bl A T SR HLEOR AN T
B RE A K R, S AR IS I R e R 2 R
% 3 6 SR B £ 1 5% 3E, 40 =E J6 43 T (principle compo-
nent analysis, PCA). K—#z T4l (K—nearest neighbor,
KNN)2IL N T 4 28 W % (artificial neural network,
ANN). fH & £E (rough set, RS). & & /K 7] 2K (hidden
markov model, HMM). 3¢ %F [} & #/L (support vector
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machine, SVM). #f ‘5 [r] 4] (signed directed graph,

SDG)%50). BRI KR IRBN I 7 & A R A, (H 2
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ZAET SVM [l 512 W 73 S5 4%, SR )5 A8 FH Ada-

boost VLA IR A 14395, R BIRFIEE R T LA =

SYRERHIVERE, DRI ZRS VMK R2 T 43 SR8 1T 56

Xof 546 H 4 3E AT KR AR & %, 8 T & T EasyEn-

semble A8 1) 3= 7T 43 #r 3 #F 7] &= AL (EasyEnsemble

based PCA-SVM, EEPS) #([&i2 Wi 532:.

2 3t F EasyEnsemble .48 [f] PCA-SVM #{
R 2 Wi 5 VA E K JR B (Algorithm for
EasyEnsemble based PCA-SVM fault diag-
nosis)

2.1 EasyEnsemble 4} 2§ 2% (EasyEnsemble classi-
fier)

EasyEnsemble /) 8 &% 4 — Fl N KA BV, B AL
H N 2 HERFEAR L P BEN I M FEA TR, BN
HUREA M S5 D R IR AR — B SRR
FIREA T2 53 I I/ D BERFEA AL L, TR AN HT I
FEARLE, T INZR2Ar 2K 8. A oy K as il
Bagging 5 VA N B 4 10 43 28 AR 81 Bt R
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N WNEEIREES, = {(z,y)}, KRFERELT,
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1) JFas.

2) fork=1:T.

3) il Bootstrap 5k N2 BERFE AL (IEFIFEA
) STHREI =TS, SRS RO HE
FEARLE(BIREAER) S AHIF.

4) 1TSS U S Ll it Adaboost 5 72 1l
AN, :

Ni(@) = sgn{>" o hi;(z) — 04},
=1

Horbrs hy AN A9 93 888, o 9y j HIRLER, 6,
NNGRTHESS U S SRR,
5) end for.
6) FMHAIN:
T ng T

N(z) =sgn{ 3 > anjhi;(x) — 3 O}

k=1j=1 =1

7) 4
2.2 2T EasyEnsemble ] PCA-SVM # [ 12 Wt

(EasyEnsemble based PCA-SVM fault diagno-
sis)
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3) % T EasyEnsemble B AE X IEFIFEALES Filb 4T
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NP 3 T EasyEnsemble L A8 [FJPCA-S VM
B2 W o SR AR PERE, i PRE H T AN BAE I PF bR
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!
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Fig. 1 A framework for the proposed EasyEnsemble based PCA-SVM (EEPS) fault diagnosis approach

3 TEAL T2 s i2 Wi SE 56 (Experiment on
the TE chemical process)

Tenessee Eastman (TE)idt #2 & B 32 [E Eastman 14
N TR — Bl 207 B D R, T T
R B TRV I R 3 AR e 2 772, K SR
ST EAE AR, Kb k. R IR, i
HIZWTAEAT 7T, TER A A &4 1N IR AR &, 739000822
AN EES AR B9 eI A, W R B X M
HRHRE SR, AR AT AT 2 1 AN [R] ) b 28 2,
2 WK [9].

3.0 HdE o 25 A SR 58 S B B (Data preparation
and experimental parameter setting)

EEXTER R A E RO, AR 2080 g
PR SR, LT 200N [F] (9 17 L2 56r. ¥ E B: IRAT
FLIN [A] 7948 h, SRAE (] K43 min, BE T4 H32 hil
R, Rt FERR R A6 2 AR H AR 19Fhii Rz
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AN RIEFEIRES TR, 524108 51 N S5 4
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i/ DRER 5 2B A LK T1:2, A0 A
A ABIHTRL.

BATEL RO S 4AEAR R, /£ HPCAIT
FRAESR AU, B (45 R TTHR AL 85% LALLM AR

B I 3 TN B R IEBIFEANEE S, RCRAE 1IR3
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3.2 EPE 7 (Evaluation criteria for EEPS)
S5 FH 43 S e 2R ACCHIIF—measure(f145 1E28
F-measure: TF—measure, TFM 1171 25F-measure: NF—
measure, NFM){E N E BV 4845, [FIRS 21 H HAb44
FebR: IEA 4R T-Recall (R IEF RS2 WHERGR) . 1
A N-Recall(RI PR A2 Wi 22) , IR dERR
T-Precisionfll 51 £ 1 % N—Precision. ‘EA1HIE 551
W

T-Recall = TP/ (TP + FN) (1)
N-Recall = TN/ (FP + TN), (2)
T-Precision = TP/ (TP + FP) , 3)
N-Precision = TN/ (FN + TN) , 4)
ACC = (TP + TN) /(TP + TN + FP + FN) ,
&)

2 x T-Recall x T-Precision
T-Recall + T-Precision

TF-measure =
(6)
2 x N—Recall x N—Precision
N-Recall + N—Precision

NF-measure =

(7
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FHAHTP, PN, FPARITN A 1 AT/ 73285 ) B 5 B 1)
TOER. AE AR AR LR S, Ul RS
Iy AR BE EL LT, F-measure (UMELEROK, HURi2 BT 43
eSS i
* 1 RIFEE
Table 1 The confusion matrix
TONIEREEA TR A

SEFRONIEZRFEA TP FN
SERR AR A FP TN

3.3 eI B9 Hr (Experimental result analysis)

S256 LLACC, TEMAINEM A = B4 Fa b, 6
ASCHE H EEPS 12 Wi 5535, X TE 2 120 A
[ 5 e S A O ) AT W R A2 . TR I 45 S R BT
EasyEnsemble A8 [\JPCA-SVM(PS) # [ 12 W it
1T AR, SOt e M TES AR 12 Wi e WLaR2.

12227 %1, 3 A ST I BEPS # b 12 W 5532
Ji, 208 AN [R] i S 7 (1 3/ Fi8 b 350 A [R) R B g 47
T, B R BT . A2 01, 1 — A LB ot A
Ja X T IEE RS AR 2 W 2.

& 2 Bt AT e TEAZ 204 75 B w £ A0 64975 i b Ak bl AR
Table 2 TE 20 fault modes diagnostic performance comparisons with PS and EEPS

WPERAY WS WTEYE ACC TFM NEM || #f&Eskl WiEisWirEys:  ACC TFM NFM

. PS 0.7057 0.7578 0.6245 . PS 0.8134 0.8589 0.7246
PR 1 ik 11

EEPS 0.7503 0.8003 0.6667 EEPS 0.8387 0.8794 0.7567

N PS 0.8133 0.8560 0.7313 . PS 0.8215 0.8664 0.7311
Wk 2 Wk 12

EEPS 0.8772 0.9109 0.8027 EEPS 0.8314 0.8738 0.7461

N PS 0.8230 0.8672 0.7346 . PS 0.7179 0.7682 0.6393
W% 3 i 13

EEPS 0.8491 0.8882 0.7680 EEPS 0.7513  0.8010 0.6685

N PS 0.8143 0.8598 0.7248 N PS 0.8143 0.8598 0.7249
T 4 e 14

EEPS 0.8398 0.8804 0.7571 EEPS 0.8387 0.8798 0.7551

N PS 0.8097 0.8560 0.7195 N PS 0.8032 0.8486 0.7160
P 5 ik 15

EEPS 0.8293 0.8719 0.7445 EEPS 0.8304 0.8730 0.7449

. PS 0.8480 0.9027 0.6518 N PS 0.8249 0.8688 0.7365
W 6 W 16

EEPS 0.8819 0.9264 0.7018 EEPS 0.8439 0.8841 0.7611

. PS 0.8057 0.8527 0.7145 N PS 0.7761 0.8247 0.6871
W 7 Wz 17

EEPS 0.8231 0.8664 0.7385 EEPS 0.8158 0.8605 0.7289

. PS 0.7638 0.8130 0.6761 . PS 0.8036 0.8510 0.7115
T 8 ik 18

EEPS 0.8137 0.8585 0.7275 EEPS 0.8293 0.8719 0.7445

N PS 0.8189 0.8638 0.7298 . PS 0.6908 0.7422 0.6114
Wh% 9 W% 19

EEPS 0.8429 0.8832 0.7599 EEPS 0.7305 0.7807 0.6505

N PS 0.7642 0.8125 0.6776 N PS 0.6930 0.7435 0.6176
W 10 Wz 20

EEPS 0.8231 0.8666 0.7377 EEPS 0.7263 07769 0.6460

FH 2R 3T] A, AHE T PSHB= 2 Wi 53k, X IE
AREEFATTIR R KAE, 1 3L bagging 2 J5 IS VM
W KA 5, THUEE AR AR LR 12 W AR AR
RO, AR T IR IR A 0912 W HE A 2 a3 T
10.49%, R T UK 1 A vHE R BRI T 14.03%,
1EZE F-measure (TFM) $2 7t 6.41%, 115 F—measure
(NFM)$2 F+9.76%, < B el itk < Je 12 Wi g 7142 2
F. AL, WA 2 W AR R IR E RS ) A
HE R 93 1 57599.59% F199.83%, i W It 5 i B A7
BB T AN R T B2

4 25 (Conclusions)

AR SCEF SR T R i 2 W7 o 3 A7 ) DE
RS A 2 . MR EEE IR A A3
WG, $2H 7 — % T EasyEnsemble . AH f{) PCA
~SVMEfE I E %, [Fi$HACCHIF-measure %
TANFEARE AN Edi S B2 T (1 RE AN A,
TETERLFE 20 AN [R) 8 2 i s e A b AT 526
SEuG kR, AL H I EEPS #ii2 i SR s
BERS AN EARERC RS, & — iR
BRSSOk
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Table 3 Evaluation criteria comparison with PS and EEPS algorithm for fault mode 2

WEbs  PS1 PS2  PS3 PS4 PS5  PS6  PS7 P EEPS MiHE/%
T-recall 0.8431 0.8486 0.6361 0.8722 0.7264 0.7139 0.6667 0.7581 0.8375 10.47
N-recall 0.9751 09876 0.9751 0.9627 0.9793 09876 0.9793 0.9781 0.9959 1.82
T-precision 0.9902 0.9951 0.9871 0.9859 0.9905 0.9942 0.9897 0.9904 0.9983 0.80
N-precision 0.6753 0.6859 0.4728 0.7160 0.5450 0.5360 0.4958 0.5896 0.6723 14.03
ACC 0.8762 0.8835 0.7211 0.8949 0.7898 0.7825 0.7451 0.8133 0.8772 7.86
TFM 0.9107 09160 0.7736 0.9256 0.8381 0.8310 0.7967 0.8560 0.9109 6.41
NFM 0.7980 0.8095 0.6369 0.8212 0.7003 0.6949 0.6583 0.7313 0.8027 9.76
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