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Abstract: The burning through point (BTP) is a crucial parameter in sintering process, which directly determines the
quality of the final sinter. Since the BTP is difficult to directly detect online, it is of great significance to realize the online
prediction of BTP through intelligent learning modeling and adjust the operating parameters on this basis to improve the
quality of sinter. Aiming at this practical engineering problem, a Wrapper feature selection method based on the genetic
algorithm is firstly proposed in this paper, which can select the feature combination that optimizes the subsequent predictive
modeling performance as much as possible. Secondly, in order to solve the problem of easy overfitting in intelligent
modeling of a single learner, a sparse representation pruning (SRP) ensemble modeling algorithm based on the random
vector functional-link networks (RVFLNs) is proposed, namely SRP-ERVFLNs. The proposed method uses RVFLNs
with fast modeling speed and good generalization performance as individual base learners, and perturbs the parameters
of the base learner to increase the difference between the ensemble learning sub-models. At the same time, in order to
further improve the generalization performance and computational efficiency of the ensemble model, a sparse representation
pruning algorithm is introduced to achieve effective pruning of the ensemble model. Finally, the proposed SRP-ERVFLNs
algorithm is used for prediction modeling of the BTP in the sintering process. Experiments using industrial data show that
the proposed method has better prediction accuracy, generalization performance and computational efficiency than other
methods.
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Fig. 1 Schematic diagram of the belt-type sintering process



438 a8 it 5 N M 41 %
BEAL, B R R AR T A, i b SCHE RIS WrapperfHiE i B RE P A B AR AR —IK

R (16170 TAE, HA A BTPEE AR RS R 82 B T T
AT IS, A 25 A R RCR AN AN
TURIN T4 2 2888, SR b, BB HERNFEAA
AN 3 RTINS P - 55 53 A 2 3 4K, T HL A 2%
T RCRAAS— E . IX TR B AR A AN 2 R0
BORR R ARAT, 4R BT o 1) — 57038 2 LU SR T
AR AR T g7, T X — s, SCRR[1713
— AR AR I £ BT S, BN G, Sl
SRPTA TR SRS, XA TR HEAT LR
S3TE, FFR A AL AN S A BUE AT s B, 1)
B R 3G RN TR A SR (1814
Q7 — T T R BT A B R SR 157
& P B AR SR, AR UGER G — A TR, il
g PR E S SAEEE R B/
V7R zE. BORXSEIRAR R Fim 1AL
ZALRE T, AFEAH 2RI, i AN T SIS TR 2K
bt — R, SCHR [19-20] 31 ANFR B AR ELIR SRR 1
2 I AR R B AT BT R, SRAF 1 S BT R R AN
BTV PRV ER B, 32 IR R, AR SCAUHRE B A AR 1Y)
BRI A 915 5 MR 2R 0], S AR s
B A (sparse representation pruning, SRP) &%, SLHI4E
FSAR AL v M BE BT AL

BEXS bR SERR AR i) e DA R A TT AN 2, A
SCHR Y — o Y 0 TR R 1 S M B A R BT BAR
BCERARBTPRY RE T J7 . & %6, N T 19 3 f5 ¢
TSR B S e P AR AR B, SR T 18
A B Wrapper FRAE I 5 512 1% 7 108 J5 4R T
DU B TRUIUDRS P2 A E R AR B AR Fia b, AT AT
e BT TS 2R e e B FRARAE 2 & Dy 1 ORAIE TR
EBERRE EE, BT I 3G, AR T BEA LR i 22
M4 (random vector functional-link networks, RVFL-
Ns) [ 548 7~ BY £ (SRP) £ B 532, RISRP-ERVFL-
NsSLVE. T4 5000 R H Ak FE PR L V2 A RE 4 11
RVFLNsfEAMARIE 2 2] 85, KD JE 27 21 8 2 Bt
17PN 7 TG I B =3 Hh -7 R Ja) F) 22 SR A
N TR A A ST LRIz A BE AT SR
&, SIANFRBL R R, SEU R B AU R B
BT SEBR TV i e 4 1 AR A Se e R B T R
JHEAEBTP U G AT 25 S e AN S A,
2 FETEEALE Wrapper RR LA % H -

B IR AR A 53 AT H T SRR S R
FEOEE BRI FH 7 85, AHRAZ 0T R AN HE 0 5 AR
TRIMEL T e 25 FEAE N, PRI X ARRAIE T~ SR AN RE 52
A 2 SR T ) RS 7 oK. T WrapperRF(iE
MR SRVE AR A Y FRORS BEAE AR, SRR 1
B IR AMH A 53 AT BB

B, Jed ] — 8 BRFE I 2R SR A5 2 IR R AE T
£, SR AT S5 15 o) SR BB A B TS BEAE VY
FRUEREEAG IR RFAET-ER5T 2, AR 45 (10452 1 U s
15 IEIEAR, B V0 R E A N A S5 R
BB, XN TN AE Y, WrapperfrfEiE R B IE
R 545 B AN R FIUIN A B 32 3] e 0 ) — AN RFAE
T4, WrapperfH b £ 502 1 SE LA A 2 .

2]

| Hik
DR HHhs —

] e |
VAl

2 Wrapper B G RE ]

Fig. 2 Flowchart of wrapper feature selection algorithm
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Fig. 6 BTP prediction results of different feature
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model with different activation functions
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Table 4 Comparison of RMSE and prediction time
of BTP prediction by different methods

T SRP- " gUM RVFLNs BP-NN ERV-
ERVFLNs FLNs
RMSE/m 0.0829 0.1755 0.1557 0.1761 0.0996

t/s 0.0094 0.0016 0.0010 0.1066 0.0118
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