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Performance recognition method based on multi-index and multi-layer
DAE-SOM algorithm
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Abstract: As disturbances and other factors often lead to shifting of work point in industrial process, it is
particularly important to timely and accurately identify process changes. Current working condition identification
methods mainly focus on whether or what fault occurs, but few consider process conditions from viewpoint of
safety, economy, fault and other aspects. Decision criteria at different safety and economic conditions were
proposed by combination of historical process data and related operational requirements. With these criteria, data
characteristics was extracted by DAE method and extracted feature data was clustered by SOM method. Then, the
process state was visually projected to two-dimensional maps. In this method, the DAE method can reduce
influence of industrial process disturbance on data and the SOM method can better visually monitor process
performance. Experimental study showed that the DAE-SOM multi-layer mapping method can determine security
level, type of failure, and current economic efficiency of the system.
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Fig.2 Images of Iris data after dimension reduction

R e TV AR RS, IR H A S 2T R )
BAEIX 2, FTLh DAE J7iEA B i RRFE SR UL
Ro RIG, M JURE4E 515 LAY L Eds 4
Iris. Wine. Abalone. Glass %4k, 31§ K-means
THiEST B AR RS BUREMIHRILE 1.

2% 2 & U J7ERM K-means £ 65, FHIIEHIR.
T 22 R BRI TR (B ) MIGeit. TEUEH,
23t DAE 485 3R SR HER AN s, 4
SR, E—EREE L, DAE $i%t 7 iasmtal. Kk,
A LA DAE J7 k0 Bm B4, P46 A SOM K¢



2772 e T ¥ %69 %
#1 RANEE Hlt, o) @ ARBH, hy(t) 2K E k%
Table 1_Datase for luster R B SR R U
Data set Cluster Dimension Sample size %] MHEZEITEALE N r€ R, rw ek b o 8,
Iris 3 4 150
/)
Wine 3 13 178 ;jlz A ” H
r,—,
Abalone 3 9 4177 h .(t)=exp(— w_ j (7
Glass 6 10 214 ! 20(1)°

Fo 2 H0 A SR 2T LASRAS B e 1wl A A
1.2 SOM 3%

SOM Bk By SR g py s i N R A R )2 BN
ERsEEER, HEEE R EfLE. BEE
XE—NHANRE Xe R x=[xnxo, ** Xi
(i=1,2,,n), H nk 5 5l RS AEA B A4
. M EH—RIGTFRMETHm, — e
BEN A AR BRE AR T . DR 97 A A RE SR 11 B 411
AR, B DLEE SN AN . A 2
B 38 S 5 % & R4 A R

wi=[wit,wj2,*** ,Wik] J=1,2,00J 3)

Hrp, J 2 EME A BN J RN

20 SOM HIFEHETERIZALRE J1, & — i 2
J=5In )

N T HEMA TGS GEE ), — ROk EE “BJL
BASPEE” Tkl N o A & o AR
Kt BHREmER/NE TR0 R p
2n, EFEREUE LIF

b =arg min.x; —w,
J

=120 =12, )
SREFRE TG bt 07 5, SR A TR E R R
SRR N R BT W H T . AR AP T AL E
REWSHER, HRBaTH/ N, EHRECH
w (e +1)= w; (1) + a(hy (0], (1)~ w, ()]

j:]‘?z’..."] (6)

Hf, otyREMEICABIEREE . A TIAF
WSKE I, o(t)Fl A WIERBEE — IR, FE2 Bl
6] ¢ 3BHT FPEo 24 t—>o0,a(t)—> 0, ()L T — MR
NFHE(— R 1)

1.3 ET DAE-SOM &AM TR HAEIR A

NT REPAELRNE T RE, S5ME Ak, 4E505 .
FAZ ., fEERahE i, OIS RMER. 24
SORAS, IR AbRHEAL S P EESE Xe R, KA
DAE 77¥%, MR#E=N(1). RQ):RKEE o={w.b} 11,
R o 2 B 4 5 M & 4 8 5 % iR
Y=fdX)=s(WX+b). ¥ YER"*{E} SOM J5 k%
NEHE, R @fE a4, RBEERG)BEL
WG AN E IO E . SR )5, mit =Sk
TG, HFiELR6) ROEFE. B, Hil
SreE A R el B, BACDIRINR.

(1) 4@5@)\%%@% X=[x(1),x(2),"',x(”)]T (x(i)j'g
d YR =PRI A[0,1]IME -

(2) it DAE Bk R 6={W,b}, FH152F4E
JE R Y=y, y @, p 1T, FHorp yO0 k 4
K,

(3) @@L n N, FEYIIRIAL
Howi=[wj1, wiz,*, wir], j=1, 2,=-, J N 0 F| 1 {I}E
BUE

(4) BHdse ¥ 1EN SOM ik N,
PR G)EFR M ETT bio

(5) IR O) (T EHAE, BEFoA)—~0,
PR (B T REH L.

®2 LB REARPEE R

Table 2 Comparisons of several common algorithms for dimension reduction
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Case Profit/USD-h"!

1 =5200

2 5150—5200
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Table 4 Constraints for products

Product variability

Feed flow variability

Flowrate changes Composition variability Stream 1

Stream 2 Stream 4

less than +5% in
range 8—16 h™!

less than &=5%(mol) G in

range 6—10 h™! range 8—16 h™!

minimize flow variability in

minimize flow variability in minimize flow variability in
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