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Abstract Current process monitoring and operation performance evaluation methods suffer from inadequate cap-
turing of process information as well as severe missed and false alarms. By performing in-depth analysis of methods
for concurrent monitoring static-dynamic characteristic of industrial data, this paper proposes a key performance in-
dicators (KPI)-driven slow feature analysis (SFA) algorithm. It integrates KPI information into SFA model in or-
der to concurrently capture static-dynamic characteristic changes of complex industrial processes. The similarity
between latent variables and that between first-order differences are computed to evaluate the optimality of static
and transitional operations. On this basis, a unified framework for process operation performance assessment is es-
tablished based on an integrated perception of static-dynamic characteristics. A sparse learning-based non-optimal
factor identification method is proposed to effectively highlight root-cause variables that cause unsatisfactory per-
formance. The feasibility and effectiveness of the proposed method are validated based on data collected from a real-
world dense medium coal preparation process and the Tennessee Eastman (TE) process.
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XA BB RE, REBER 73 52 AL A TR
EFE RSB REFE AR, [ I 12 2 e | i
fh R KR BR 2 —, RS SRR 73— B B AL B8 R
IR 73 A HEAT A, DR LR JEE 38 07 1 AR LA D %
SR B b R Ayt AR

AR SR T 2 0 S FE F 7 01 A R
KB IR R AL, iEH 8000 HA5 S
e B M P T 2, k% 1081 A dE A
TAELVEAT.

eI R A R 73 32 EAR R e AL AR R 0
IR R R R AIE, JF 45 & S br e i R it
7. RSO URME, RR I RE R 8 3 e
ERE, R SRR ¢ =1, 2, 3. X 3K

A RIEARAP S5 BN B o, I 1
B, B R ARLK, FTHE T 3%, BB TR
A,

R BRSNS SRS S5

Table 1  Overflow ash content and corresponding
state level

Koy (%) REER ¢

6.0 ~6.5 1 (k)

6.5~ 6.7 1~ 2 (Pl RadiE)

6.7 ~7.2 2 (K)

72~175 2 ~ 3 (R i)
7.5~ 8.0 3 ()

2.3  ENRERIEERITREELTN

TEEENR, B4 T RERsrREE s
A RAERA, AR ATH &, HATEL
VAT B, S B R AR IR A s e B 1081 42K
i, AL3E 3 MR EIRAF 3 R AR . Hod,
RSN REIE 240 4, RSSO B 3R
481 A, IREFH T EERE 250 4H; 746, hm R
REPERAE 40 4, R EEGE 40 4, e R
PEBAE 30 4. BT Sehr TS BRE T s E 2, A
HE R R (Wiah5) B2, BASREE SR 45
RARE. ICEL VPN, RT3 & g,
SRSV E M S S R R SR R i K
H i/, TEVERIEAE B 45 R AR e v T E K
FEH 3R, 75 58 U RS AR SRS R
A R RIEAN 65 SR e . Rk, TR K /R
TE 5 Fd PR I S BRIg AT RE PR AS PRAN IR M R0 2
I 2 [R) HUAS 6 B ) 97 307 . KR FE A IR R
T, WHEKE HPUEAETE 3 ~ 5 2. &
WSHEBEW T TP EAREE ¢ = 0.85, fELE
HARMKE RN H = 3.

NG RBLERE B A T B AT IR S VA
TR, A SCeh T PLS R 4 Tolkid /2
BATIRSTEM SR, il 4 Fis. | 4(a)s B 4(b).
4(c) A RTELEIR S 3 MIRE SR T8
PR, WA, TEREAS S 1 ~ 240 Z 8], RS R
HRAIVE AR FE bR = T oA 2 AMRASER, B
SE FE TR BB DA b HLPP A 45 SR AR B oK. BAR
Refg Mg B s (FE BAW M R ER S, FH
JE PRI T i R e AR R BN 22 B o R AIG, K%
Gi VRN PR K.

Bl 5 25 tH T T #2025 R IR Jen 1) 45 %
T FRIBATIRSIELIFN 45 . B 5(a). B 5(b).
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Table 2  Misidentification rate of online evaluation
VN FEAR R (B RN IFEA KL RIRFIER (%)
0.85 12 1.113
0.80 40 3.711
0.70 74 6.864

SRR PR P ) DT R R AU, TCVA TR 4 AR
A&, X AR R A R S A R A A7
FERGEMETE, S BRI F AR BRI Y
TR R & 6(b) BRSSO R BCT B
A, AR RRE N FRRAL, 55brAEr 4
CHFT. 5341, LUK 6(b) IREFL N By,
WM GWC AT LUK B, v BB A Tk A AH
XA AR R, B BOL AL T AR E R

B BURRAL, T AE K 6(a) IRSFELON B,
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Table 3  Reactor temperature and corresponding
status level
RVEHREE (°C) REHH BATHA (F370/h)
121.6 It
41.99 ~ 96.09
111.6 AR

A SCERISAT A NG A LV IRPR, M 41 A
AR AR B Rk 15 NS S AT R bR VA
KHAEHATER, WK 4. AT 1900 HEEA
HEHN 1000 ZLEEAAE NN ZREE, 2RO FAEmR
IR 500 4.

HEATE LR PEAN I, SR L 900 ZH%HE, B35 2 4
T RS 2 M ERESEE. b REELN
DLt 270 4, REFEHAEPLESE 500 4. F5b, 1L

(b) FET R~ > AR IR = P 424
(b) Identified non-optimal factors based on
sparse learning

RIS SRVIELE S

Identification results of non-optimal factors

R4 WFEARE CREEEBSITE 0.02 s)

Table 4  Process variables (sampling at intervals of 0.02 s)

BRGNS A ik LA
1 A Bk} km?/h
2 D bk kg/h
3 E BbR kg/h
4 SEERE km?® /h
5 THEH T R km?® /h
6 SR LA R km®/h
7 S5 5 U °C
8 He o g2 km?® /h
9 77Oy B AR °C
10 P AR ) kPa
1 SRR E m®/h
12 FREIE kPa
13 PRI °c
14 SR ARV FIK R °c
15 I3 R HIK R °C

FIAE L 4 70 41, R B0 U £ 60 4.
MR e = 0.8, ELH OB KERE
N H = 3.
TE dREEITRESELITMN

O SR G AA ISR T - 2 A R R R e Y AR
T RIS RE TN ke, |7 4H T
HT PLS 1) TE A2 PIRSTH EER. Hb, B 7(a)s
Bl 7(b) iR RS SRR AR VPN Fa bR, 7T
DB HY, FEREAS A 1 ~ 240 2 18], AR5 4% 1EAN 15
PR T RS FELONR; EREA S 300 ~ 500 Z[H],
REERMIIEFREETRRE L, -, B4R
B EE BERCR. BRI E HAE A, (HE RS
Femn. EE RS PLS Bk TiEA R BGI R
AT,

3.1
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