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A Robust-ELM Approach Based on Parzen Windiow’s Estimation for

Kiln Sintering Temperature Detection

CHEN Hua'? ZHANG Jing':? ZHANG Xiao-Cang?  HU Yi-Han?

Abstract
sintering temperature measurement method based on statistical features of pulverized coal flames and robust extreme

To eliminate the interference in the blurring pulverized coal flame image sequences of rotary kiln, a new kiln

learning machine (robust-ELM) is proposed in this paper. The degree of stability and quantity of radiant energy are
computed from a blurry flames image sequences as statistical features, robust-ELM is presented to estimate the sintering
temperature based on the above features of flames image. The distribution of training error of extreme learning machine
(ELM) is estimated by Parzen windows to make up the weighted matrix to reduce the disturbance of gross errors in
industrial field. Finally, a series of tests were undertaken on an industrial-scale flame videos, which showed the methods
could measure sintering temperature more accurately, quickly, and robustly.
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Fig.3 Probability distributions of G at
different temperatures
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tt ELM, SVM, BP BB, [FREIZRmia L,
Robust-ELM %Ki ELM, {Hiziz i SVM
A1 BP, RILH B AT 0wtk Aok, Bk PU Aoy
ARG REIL R 70 % ULL, REIFI A SCHE T 4 Fh
KIARRATF FIE AT 3K — 2 [ 7 53 e R S i Rt e &6 ity
PRI B e, 38 Robust-ELM %
PR B R, 1 10 YRR 2 6 A TR
AR CPIME) Wik 2 Fros. RS S
HER A2 9 88 %, 77.82 %, 80.46 %, 79.85 % Al
93.9% (HmENR), WFEHBE &, ARE RSN
e v T TRDR S U R 2 BT S R — 2 T AR
Ui i BERAS T AR AR R A W &, — 2 IR IA 2 566 v ]

%1 Robust-ELM. ELM. SVM #1 BP Y45 F b

Table 1  Training results of robust-ELM, ELM, SVM, and BP
BATHT (<) e (%) bt /S A
YNEFEA DA A IIZREA DA
Robust ELM 1.653 0.407 89.67 83.41 45
ELM 1.416 0.393 78.89 76.14 45
SVM 13.636 3.481 82.26 78.35 62 (1IFT C=4,0=2,£=0.1)
BP 6.553 0.412 78.17 75.64 50
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% 2 Robust-ELM 43283 56 b

Table 2 Classification confusion matrix of robust-ELM
[ i i 1EH A {lis
i 714.6 45.7 37 13.8 0.9
fm  114.6  1034.2 84.7 94.6 0.9
EH 13.9 102.4 1708.9 191.1 107.7
i 0.2 2.8 130.6 1207.4 171
i 0.1 0.6 2.2 83.9 1336.2

it vt A1 i U R DR 2 PR N W A7 i 22, 36 R AR TR I,
Y IR S ML

4 LEit

ARGy M T P A AR AR Joe BT A5 A i A A B
22 WL AH CHF o BE e, 0 [P 25 B 3 R A K
PIRERTE, MK IR S BE S A KA R Fede e FE BE M
JrTH, PEH 4 Fhope &5 B I KRGS THRAE, I
¥ ELM S5iaf@ b v B e A g5 &, HZRR 2040
(1] Parzen 7 IESHh v & ELM BUH BE, XﬂL
i HE 2 U AT RS A /s I Al U et A PR A
ML, $&H—FPPUk 2 T8 Robust-ELM. Jzﬁl%?
Parzen % filith (K& #E ELM 45050 5 #o & 5 ]
PR RS I 725 N Re g, BRI RSEA T %
M T4, e M. o Sy A1) FH AR A L
(1 BB R RAR, 45 G I T, X e gt v i B2
AT SEAERA I 2 FRAT T — 0 TR A
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