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Research on feature modeling method for complex industrial process and
its application

QIA0 Jun—feil’QT, HUANG Wei-min*2, DING Hai-xu>2, YU Tao'?

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Beijing Laboratory
of Smart Environmental Protection, Beijing 100124, China)

Abstract: Feature modeling for complex industrial processes is the basis for studying their optimal control. Complex
industrial processes generally have uncertain characteristics such as strong interference, nonlinearity, and large
time-varying. Some of the processes involve complex biochemical reactions with strong contamination and high risk,
and the detection data is highly dimensional and noisy, which all put forward more urgent needs and higher standards
for the establishment of accurate industrial models. This paper summarizes the current modeling ideas and research
progress of complex industrial processes, and aims to analyze the applicability and effectiveness of different modeling
methods from multiple perspectives, so as to lay the modeling foundation for the advanced optimal control theory to
guide the actual industrial production. First, the main industrial modeling methods are divided and summarized from
three aspects: mechanism modeling, data-driven modeling and hybrid modeling. Second, the specific design ideas of
various modeling methods are described, and the model structure and algorithm characteristics are analyzed. Then, the
specific applications of different modeling strategies in solving the problems of index modeling, controlled object
modeling, and full-scale modeling in the actual industrial processes are investigated. Finally, combined with the current
trend of industrial intelligent construction and its challenging problems, the future research ideas and development
directions are pointed out.

Keywords: complex industrial process; feature modeling; uncertain characteristic; index model; controlled object
model; full-scale model

0 51 & 7] S AR F 0 TR R B I S R S
FRAF AR A A A R B B, O R ) — AR IR DR PR v St N B R . D 1 A AU A Y
SR AT B B G TS e e T A i BERSEE AEOR TR 0 B ety ik B AT i

i B EA: 2023-03-29; A HER: 2023-05-29.

HETE: BHLAH 2030 — “Hr— RN LA RE” T ATH (2021ZD0112300); [E K H ARl 2% 3 & QB B4k T H
(62021003); [H ZFHLHE K LTI H (61890930); [H 2K H AR~ AT H (62073006).

RERE: L.

T IAA/EH . E-mail: adgiao@bjut.edu.cn.



2064 ECa |

5

xR ¥38%

BT ) A8, A S0 2 2% TV AR (R R S B S AT
ZRIR, BAESEL: 1) ML Bdls SR A A LA IR
B AR B 0% Tl I R ) e e R 4t 2R G N 4T 1Y)
W 2) AR A e TV IR ), AR AR | 3
X RAR I A YRR AR A 5 T A % S AR R N
BUIR, 73 M 78 A [7] 2 FH PR 58 T £ 3 FH A A s £
PRl 3) A 2% Tl i R 14 st 8, X FL 5 ik
(105 FRE A 4 AT R B2, K o AR A R 1) B ) LR AT 2
B, 4 H R SK BT TE 5 ).

525 Tk K RRIR A T v 4 L il i A Bt
P8 IR SC 48 22 A ] BRSO P M, s R [ 57 Ml A
Bl e BEAN 22 B R s R JRE (R R B A X [ PR3 B B
2% 2078 < AN RE A2 TR 2K G R M 5 e SR SR £
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PR SR, ML I P J2 T R AFF AN [ A 9 P I i B
MR, 5 b FL AR 7V A A e, 1 e H T AR
TN FAR R A7 P DR I B, 6k o SR BRI A 1) 4
L
1 TR ZR Tl 72 AR SR

AT TS0 T 1) 2 2% bk B R A LB AR Y K X
B VR A IR R @A T BRI, = (R IOk
KW 1FR.

B #HIBER, HRRHER R AERMNX R
L1 HIBHER

PLEAS R BAT 15 M 1 2 2 30, AT 3R 1S L2 3A Y
%) F [A] A% B 0K AR, I B a7 AR AR F R B gk — 2
TE AR A 4 1] S W& (1) B 98 LA, A LA T [ 2 4%
J7% (municipal solid waste incineration, MSWI). 57K
AP (wastewater treatment, WWT) Rl 15 47 & 2k (blast
furnace ironmaking, BFI) % & 44 Tl i 72 A4, X H
MU A R R G R

1) T LA AL,

BT o A DL B ASE B3 R ) 5 R R
SFPE E SR Lol o R R B AR, e B T
B R AR AT ROIR, FAT IR I AL 5 SORITE LA R 4
T Yang UM 7 —MhEC B T A
TR HE MSWLE R, 20 FU 46 1 AR 2
il SR 7K 93 78R HE R 3 A SRR T 5E ik 8 AL
S AR I 40 B, I AN AR A AR PR S O TH 23 ) 45 H
T MSWIREFE T A #1527 1. 5 2 35484, Zhou
STV ] g PR 2L (1) MSWLE R2 247 T W 9, 2 37
T EET Y RE AT A B, Wu S R T A



% 8 #

RS B T Wit A4 AL Tk BN R 2065

SN E) 725 A T BRI AR (ML AR 7Y 2 A 7
3L 1 Og CO2\ CO M HLO Z54 5 1 57 B AR A K 2
L JAH 2% B RE 3 bk &L 5 MSWIA BFLRL 2 AN
7], WWT F AL BB A 22 3 22 4 (R80T 7T, 38 40
T H AR A S AE AT e [ R K Bl 2 R KR R 2
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HHE DR Z AR DL S bR 4R 1) Tl as A7 Hls v
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1) £k (B[,

LR ITHE RS — AN a2 AR & H 4
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I RE .

LR (1) 32 AR 550 137 5 5 fi, B A 6 TN 25
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HOE LS. AT, i NRFAIE 1) 22 TR 2R PR LR [ 45 2R
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PR, LA S R IE
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TSATEH 5 FL AT 1] PP SR i A2 Tl B
SE B B2, DA BFL IS F2 91, 2k 7K il B A R 7 A2 PEA
BRoK TR L E B PR by 52 S T i % 45 R R .
T SEILBR K B ) S T, Ostermark 223§ H T
—Fp) E H B B R, T BRLIS 2 A 2kK
Tk 25 R AN FE . TSA RS 2 18 7 4 i ey HH 45 28 Wi
B R ORI EE . AR, Xof e 75 K INHE A LA
e LA S A ) Tkt A, TSA AR AE — 8 SR BR 1. itk
A1, WOAATASG 3 B TR B B A TS A TR A M 1.
122 HLBEI A

EEXEAR R TR RE, R R AR R (2 > 2k &
HE ) AR A T B AR S PR In) L e B R 25 44
FK BEF ML 88 2 ) 05 1R (R B DR sl A 7 o o
AN S AR R ISR B R o) AR TR DA R 2 S
SH A A 3 PR, R T 43 Ak R b

1) AN 5] BR R S G,

BN ) 28 AR AL A ST 1K) 2 2 SR AT R
AR R AR, LA R TSR DS, R i, T AR A
T 28 5 3 R T SR vy Bl A T B Tk R A
F1 LN A 28 0 2 (artificial neural network, ANN).
R &= AL (support vector machine, SVM) Al 4k 5 4%
(decision tree, DT) 25 532 A B 3EAT 34T

O T ANN 3 IR Sh AR Y.

ANN MR 2 H & H R i, O R4 &R 4t
()18 T B8 /) 42 3L B 4% Tl sk FE AR R 1 L Al Sun
SRR AT T —Fh O K 5 11012 (long short term
memory, LSTM) [ 4%, 44 H 3 H T MSWILIE R H i
SEUUAR R TR, A5 L A A () 3 B4y 43 #T (principal
component analysis, PCA) LAFEACHE AL ¥ &2 % FE, I 45
G R B AL (particle swarm optimization, PSO) 5%
EAA I 28 Z 50 UL = AR ()32 AL RE ). Yang %5020
P T R T B 3 U e IR A AR 4 T
F| o] FERAS 22 I 28, FH T T00l WW T i 72 ) 2 &
(NH4-N) ¥ BE, 761 DR TR0 RS B2 1) [F) ) B 0% 3145 R i
(R X 4% 25 44 Zhou ZEPOI e i | — Fh B A S0 1 1) 72
e i Bt AL ) & PR BCRE A 2 0 25 F T BRI A2 1)
B, B R B 00 ol A TH SRR L B L AE 2 20 3
ANTTI AT T oS0k, AT A4S R I A2 33 R 48 s 2 AT
TE LA T

Q@ H:T SVM I EHE SR B .

SVMUX - Hts A e P A S A B A B R 9T
F-HURE ), BRGNS i A bR 50K Hiah e i 22 v 4 7 1]
DLIEE G /NFEAS 7] . Vincent 251271 3 T3 RF ) &= [A] 15
(support vector regression, SVR) HLyk a7 1 LS Tk
T FRAERY, NG Bt 5 vk F T R AR e 1
IRARWI AR E. Zhou 5P T —Fh ZH AN Z
[t /N —. 3 SVR F T % 57 BFL it 2 {0 £ 3 DR Bl 45 2
FAE I PCA e BUBE A 1) i NARRALE, I &5 5 AR e 1tk [l
VA A1 A= B ABE 5 3 0 B K o B AT B A AL AR AR Y
)7L SR T ARSI A o) SR AR A 5] )
SN AT S HH T

@ 5T DT B Ix s AL

DT /& HHE 12 48 1R o — Bl B A 1 73 2R A0 =] 15
J7i%. DT R 2 gt H = 20k R AR 2L A
AT, Hovk SO R T A R0 I T Ay SR [l A A
(classification and regression tree, CART) &5 HELE, 4
3L BFLE R /K Ak 25 5 0 M ASE 28 12 55 20 ) 3
PEEC R, H IG5 P Dl Ae e S s B,
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(D Bagging £ .5 21 2.

Bagging 4= FR A Bootstrap aggregating, & — Ff i
WL B B2 =1 7 2. Bagging i i3 5 SR 4G I 2R S AT
A 1 ) Bootstrap i, T2 5k 2 1 KN A IITZRAS
ARAS TR I 58 DAL 2 A2 20 SR AT I 25, FRAE 4%
SAEBUINACT 5 2 A5 ) 28T G, DA st
YR HERF V. BEHLAR AR (random forest, RF) & — Ffi &
T DT ) # 2Y Bagging £5 i 27 > 53k, — 25235 72 H
el AT T N B 7. Mousavi ZB $EH T —Fh
FET DL B4k i RF 50925, |7 1 22 i N B HA A
BTG T WWT IR ) UVasy & & Liu 55 B1 42
MR T B BRI R INAURE 7 2, H T8
4 M 2 v eyl e - S Aar .

B RF, 5K F ANN %5 575 4E 9 2% 5] 28 1) Bagging
BN 21 7 RIFEREIRAR T )2 R0, Yan 5502 R H
BENLIEC B W 28 /E Ay B 2 >0 8, or 1 HEa It & 24k
RE 77598 1) MSWLAP i I B2 458 ; Zhang S50 &eit 17—
T 35 T R A A5E M 11 750 0 K 7K iR FE T A5 2 ; Zhao
BN SEH T — M LAAR R %% 2] WL (extreme learning
machine, ELM) - 52 °7 3] 4% 1) Bagging 82 57 1 75
%, T AR U E (biochemical oxygen demand,
BOD) 1 NHy-N ] 7K 5 45 5 15 2, Su 25P% 5% H
Bootstrap ¥l 7> # i £, I 2 T 2 1) 2 |2 ELM & 57
1 Bagging & BB IR SR Y, B T T v A Mok
R AE B IR A

@ Boosting ££ .5 ~] J7 2.

Boosting A& — Fud i 41 A 55 2% 2] 48 3 1 7= A2 5
5 ) AR W T, Hodzot AR 2 d kB8 K O 2Rk
Z AR A A B, 50 75 11 20 20 SR 0 22 R FE A R 8 il B
1. Boosting Il 25 i F2 B R, FE A58 (I 25 2
T 60, B A AT R 5y o 7 Hi — AN AR A 2 =) ) Jk A
AT SR G I B 25 R AT I A S5 R

L Boosting £E il 5 >] 5 W& Sy JE it (1) o gk vk
Fifi 82 9 $2 401 AdaBoost (adaptive boosting)s GBDT
(gradient tree) LL J XGBoost
(extreme gradient boosting) %5, X L HyE W AE E 4 T
it FE AR R 7RI Luo RO 7 —Fp T i
FLSVM ] AdaBoost 52 i 455 55325, A T Filll BRI
FEH A BK B HCRAS. Ya BT H 7 —Fh T
PSO SVA I GBDT & ji 7 > 4 5k, T it Sl
B BR W AN 7K 15 e R B4 A ot B 0 2K 22 Kheimi 5508
FEH T —FhK H CART 1E A 5= % 2] #5111 XGBoost 42
B 2] 7 58, TR T VAl B e B WWT i R 52 e
HITIAE A, Ching <5191 Dy 1 B HE A A I WWT i
FEIf) BODs, # i T —F 5 T CART ¥ XGBoost £ i
A,

@ Stacking £ 5.5 > J7 V.

Stacking 5 il 57 21 1 32 22 AR 2 4 A A A 2 A
GG, A A EATRL R, LASRAS 5 I (1) AR AR
Stacking i F 4= ¥ H 48 Il 25 2k 2 5] 2%, N 3 2
e A R A D9 U GRRE A R AR AR, 1E T A5 21 35T 1
WGRAEAR, SR G, 25 T8 I ZRFE A EAT )11 2545 245
. Xia 5500 T 2ot 1R BE AR AR VL S T MSWI
T AR AR O S A, % B A T XGboosts
GBDT. 564 BEHLAR K DL K RF 55 2 M e il 27 ) 7 6.
Chen %W $2 W 1 — Bl & 27 2] 38 O B PR BE HIL A
XGBoost. % TG 2k 1% [ 5 LA I RF 1) Stacking £ % >
R, SIS I A R AN 7R FEE .

@ Blending £ 5 2] J5 .

Blending fi 7 tH ILTE Netflix 54248 Lt 28+,
AT AL — Bl 2 )2 1 B AT % ) R 45, Blending 72 M
Stacking YR A= SR ) 53— B U B2 B ST HOR,
& [A] FR) X 9l 2 Blending 158 F >k H — N I ZR4EE 1) f BE
(B0 UE) BT TR0

3) 22 S AR A IR AR SR

St U R ) RGN R, 25 1 sl
TR SCVE T 2 P e i 2 ) AR TR A A, IR XS B 0%
Tl & 2R ESE S, nEE . BR
FFE B SRR AT RS AL, 455 AN [F) 2 2 28 L DA

boosting decision
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Ll A A R SORAE T AR h O A2
TS FH, X J R B I R I AR b S 0 DA O
WANAERR R A 1 0] B, Zhou FEM2VF2 HY 7 — P TR
JE 5% 21 FI SVM I 22 545 B Rl & @7 &, L
g1 ON T I BB I MR R ) MRS B, S TR L
{50 B HE B 151 Nourani 6431 2 T Fi 75t ANN.  SVR
LA J& ANFIS (adaptive neuro fuzzy inference system)
@57 7 WWT it £ 7 BOD F1 COD (chemical oxygen
demand) [ TR A% Y ; Chen 251441 i F ANN &5 & RF 2
571 MSWIIE R Hh 22 SR 248 I W IR 1) 7 2R A A8
.

HGE DX B0 A58 1Y (%) 4 it e A T S e T i A
AR B ot . a0 B sl AT I P 2 B A AN -
o 82 T OB Sy B2 0%, BA 4R v < e Bl K55
5 s 80RO SN S L AN e A% o N I R EHE P TR i 1
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