44 % 510 W
2018 4 10 H

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 44, No. 10
October, 2018

B RIDS PCA ISP S TSRk R E R EZ LR EIR
AET R FEE KRB KRG

7 E XA Z M % (Random vector functional-link networks, RVFLNSs) BHEAEAE A1 1L & FZ AL fie 722 1) 1) 55,
HE N H 4ifE (Autoencoder) FlE 43434 (Principal component analysis, PCA) A, $#&H—FHr ARt RVFLNs #3k,
Bl AE-P-RVFLNs 3%, T8 S L ook iErE 24t H9 NARX (Nonlinear autoregressive exogenous) fH7. 14g,
TR A S bR A 2 TV B b 9 AR BN 5850 a7 i A B Z TR INTE X &R, SR Autoencoder FiitBEHL M 2545 A
YN @ A B, IR S5 3 i i S AUE ME R 5 48 RVFLNs i ABUE; R, 51 PCA £ A% RVFLNs (754t )2
0 L AT W A, S I e R R 2 S LR PR R, AT RO B T RRE Y A 2 S B AGE WA N, R, BT
AE-P-RVFLNs Sk Bk A S 4P 2 ook BT 7E4eAlivH i) NARX B84, Tl SCBs I FE AR AT B SR AR SCBRE BT 1Y
2 TCHOK T B e AL TR B i G R S s R RCE AL TR, DUk 5 5 A RVELNs B i i 106 1) .

KR BN 4%, AE-P-RVFLNs, H4f5, £ 500, NARX @, myosek, il

SIAHEA EF, ki, ZEmE, M, SeRAE. £ ARES PCA MY £ ook B FEHUECH 2 M 48 8. [ 3k,
2018, 44(10): 1799—1811

DOI 10.16383/j.aas.2018.¢170299

Autoencoder and PCA Based RVFLNs Modeling for Multivariate Molten
Iron Quality in Blast Furnace Ironmaking

ZHOU Ping' ZHANG Li' LI Wen-Peng' DAI Peng' CHAI Tian-You'

Abstract Aiming at the problems of overfitting and poor generalization capability of the conventional random vector
functional-link networks (RVFLNSs), this paper proposes a novel improved RVFLNs algorithm, named AE-P-RVFLNs,
by combining hybrid techniques of autoencoder and principal component analysis (PCA), and applies it to nonlinear
autoregressive exogenous (NARX) modeling of blast furnace ironmaking process for online estimation of multivariable
molten iron quality indices. First, in order to find the useful information from the complex real industrial data and reveal
the underlying relationship of input variables, autoencoder is introduced to train the input data and then calculate the
output weights, which are treated as the input weights of the RVFLNs model. Then, PCA is used to reduce the dimension
of hidden layer output matrix so as to avoid the multicollinearity problem in calculation and reduce the number of hidden
nodes, which simplifies the network structure and gets rid of the overfitting problem caused by too many hidden nodes.
Finally, the proposed AE-P-RVFLNs algorithm is used to establish the NARX model for online estimation of multivariable
molten iron quality indices in blast furnace ironmaking. Industrial test and comparative analysis show that the developed
model can not only effectively improve the operation efficiency and estimation accuracy, but also effectively solve the
overfitting problem in conventional RVFLNs modeling.

RVFLNs, AE-P-RVFLNSs, autoencoder, principal component analysis (PCA), NARX modeling, blast fur-
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The structure of AE-P-RVFLNs

Fig. 1
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Z AT HE A s . REE AL AR Ze ) Pk 2
Ak, PR ) v PR SRR S RN S B s Ak
2. SEBRAE A, SR HEOKIEREE (Molten iron
temperature, MIT) ., & ([Si]). #E= ([P]) M
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PV EEARRS, 11 PO S BEKTF A EILE.
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K AR T, T PR SR BRI FE . X0 TR
T P B BRI R TR AR L DB il B B, R ARk
JRAE AR AR i A s 8 kR
SR AR ME DA B R A BB AL T AR S,
IO ST K T B AR DASIE B Ak 7 T e ) A R A
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RN E SRR A =Y 2013 4F 10 0105
P AR EE 5 oK B s CREEMEIFR ) 1h) 24T
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B, E N Z2 JCPOR TR EARY 16 S B AR
O E AR EUE PR IREL SOABhRE.
BN PR R BB AR Z . AR . P
JESWA I k=N ) 0L St N AR SN AT T
BOE WA . SCPr M T 1 4F. B8 Rk 16
AAE R TR H A AR SR AR M, I Had 2 f A i
SIMKFEMIL IR, MR PR RE, R I AR R
Fi PCA HARN g A s R HEAT el 17 35
PTG 1 FR. W PAR T, IR T 250
MR KT 98 % S FHERIN, 7 6 U ) R 225
B 98.723 %0, Wl LAS i R 5 M 2K o B i A
AR ER 5 2, DI REEZ 6 TSy A E R

2 PCA [ 55 21 1Y 2000 2 e v 4E ) 3
AR A R, B S B L, DY B e 4E A
B0 5 o3 AN BE T 55 B v b AR G0 o R 4
iil. 7 PCA sk 28 mp, PR3 28 mr 0 o oI A2 e
2 D T DR A R S T e ) PR R A%
AT PIAR LG AR, DR B R R s AR K 1) 4 DA
JRE Ry, DA I A PR e A ] e B
BUEBR LAY BEAS BT fe A B i A\ AL 5
H1%E 2 Fr7R 6 32 Ao Y B -1 28 T DAY 2
B TR 21 (kg/t) . ARIRE 2o (°C). K
WUIES] 23 (kPa) . B84 xa s SR 5 (RH) Flik
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# 1 PCA KIS FRIMFILIE . J7 22 5T LA R ARy 22 DTk

Table 1  PCA to obtain the principal component eigenvalues, variance contribution rate and
cumulative variance contribution rate
R ix FRIE(E F TR (%) Bty 22Tt (%)
1 7.467 46.666 46.666
2 4.205 26.279 72.945
3 1.951 12.196 85.141
4 1.130 7.063 92.204
5 0.683 4.268 96.472
6 0.360 2.251 98.723
7 0.140 0.874 99.597
8 0.034 0.211 99.809
9 0.020 0.126 99.935
10 0.004 0.024 99.959
11 0.003 0.021 99.980
12 0.001 0.009 99.989
13 0.001 0.006 99.995
14 0.001 0.004 99.999
15 0.000 0.001 100.000
16 0.000 0.000 100.000
F£2 PETEAHERE (B PCA #EUY 6 NFEMY)
Table 2 Factor load matrix (Six principal components extracted by PCA)
WA R TR
1 2 3 4 5 6
%R 0.816 —0.449 0.310 —0.180 0.004 0.032
RN 0.813 —0.445 0.320 —-0.179 0.007 0.041
HRES (kPa) 0.186 0.250 0.897 0.133 0.159 —0.045
BERME 0.625 —0.318 —0.549 —0.347 —0.110 0.000
BH T 2% —0.786 0.226 0.526 0.071 0.133 —0.081
PRURLEE (°C) 0.161 0.958 —0.021 —0.177 0.141 —0.045
SR 0.797 0.221 —0.175 0.525 —0.090 —0.036
AR 0.781 0.242 —0.188 0.534 —0.093 —0.037
BeE A (m? /h) —0.049 0.868 0.040 0.067 —0.064 0.480
& XIEE (RH) 0.105 —0.512 —0.362 0.200 0.737 0.111
FISHIRIEE (°C) 0.747 0.580 —0.080 0.094 0.080 —0.286
HTRE S (kPa) 0.813 —0.452 0.312 —0.181 0.003 0.033
SR K 0.526 0.763 —0.119 —0.321 0.139 —0.028
X hE 0.681 0.623 —0.049 —0.346 0.132 —0.018
PR (ke/t) 0.967 —0.138 0.158 0.105 —0.024 0.082
IR R TR % 0.958 —0.129 0.162 0.100 —0.026 0.102

SEWE R 26 (m®/h) /2 NARX BB A
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flii iy NARX #E3.
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Table 3  Comparison of statistical indicators for different algorithms
Bk B RMSE MAPE (%)
I} i [Si] [P] [Si] MIT [Si] P] [S] MIT
RVFLNs 0.002269 0.1172 0.0080 0.0056 9.8078 5.1192 5.4152 4.5631 5.4759
P-RVFLNs 0.001457 0.1464 0.0087 0.0065 10.0500 4.8998 4.4591 5.9490 5.1976
AE-RVFLNs 0.002027 0.1307 0.0135 0.0064 11.4555 6.8174 6.0327 6.6126 7.4414
AE-P-RVFLNs 0.001358 0.1124 0.0071 0.0054 9.0443 4.5551 2.9175 3.0825 4.6068

W DA S J Hor AR B TR AE-P-
RVFLNs ki@ 3 % ] Autoencoder Hij i BEHL K
26 0 AR AT VI G SRAS DL A I M 28 S5 S 4,
AT g AR B 4R BRI SR i A BCH (R R R A S i —
HHIN PCA $ARN = 2 Ko )2 i R AT e 4, kit
Yo W2 i 1 AR M 22 R Pk (R A, R ORI R 286 v
I BRES SAEL Beh TREN RS2 R
BT S 40L& B S RCR 22 ) A8 BRI g vk
LB ARz A RE . B RNE AR
R, BRSBTS PR AR H -

E 20 HEEF], TR 2R I 25 B2 A
SRRAE— E T W BEPLIEEUY, R T AR S IG 45
T BT, DA L SEB6 0 285 SRR 2 B 10 ks
IS P IEAE N IR A EE . 5 48, #EF9E RVFLNs
Fl AE-RVFLNs pyla/Z2 47 51254 RMSE. il
£ RMSE [k R84, BJZT7 s8] 200 ),
AR RMSE i3 K580 8 flE 9 RNEEMRIERE
R I G SRR 25 AR AR B0, TR G 7R X R
Hr (P28 AR 9) R K B2 T AN BRI A
100.
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