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Selective Ensemble Modeling Approach for Mill Load Parameter Forecasting

Based on Multi-modal Feature Sub-sets

LIU Zhuo' TANG Jian? CHAI Tian-You! YU Wen®

Abstract How to fuse the multi-modal mechanical signals of the ball mill grinding system to construct mill load
parameter forecasting (MLPF) model is a hot issue in current research. Aiming at the above problem, a new select-
ive ensemble (SEN) modeling approach for MLPF based on multi-modal feature sub-sets is proposed. Firstly, time-
frequency domain transformation is performed on the multi-modal mechanical signals to obtain high-dimensional
spectral data; Then, linear and non-linear feature subsets are adaptively selected from multi-modal frequency spec-
trum by using feature selection approaches based on correlation coefficient and mutual information method. Finally,
linear and non-linear candidate sub-models based on different multi-modal feature sub-sets are constructed, which
are adaptively selected and combined by using optimal selection and weighting algorithm jointly. Thus, the final
SEN model for MLPF is obtained. Simulation results based on mechanical signals of a laboratory scale ball mill
showed the effectiveness of the proposed method.
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Fig.1  Generation mechanism of mechanical signals in

different position of mill system
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B) BRI AF 2 R BRI BLAS BE, tbAb L MBVR BEHL 71 157
ZH 1) Chl. Ch6 A1 Ch8 i AHl, ik 4 frs.

FH P 4 A At E T8 B AT 2 A Ok R ORI
T HAS B IRHIE BE & 25 R A RS MU RS e AiE
A 72 55, e HER F A () R 228 B I R AiE T 4R A
HEZERM.

A A ST 71k, FE T A2 REUE A EAS B
R /N /e KA 5 25 B IME ) LU AE 7 8 R IE ik 3
FH ERRAN T PR, P A 22 b O 3R B AR R A ()
1) 22 SRR

ASCLL=ANEENL A R PD R S, TH] )
PD AN RIS SRR AR IE I B R B ST 45 R
W RFR.

R 1 193], Mo RERE R T BRAEFR 4
AN 0.8741 A1 1.057, HAZ EBRE R T R LR 4>
Ao 0.9228 Al 1.0599, #FM15 2] PD 2 B4 KHEIE
FEO) R BRAN_E BR300 0.9228 F111.057.
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4.2.3 SEN tREIMELER

AL TTIE A PLS, dRZR M@
%8 RWNN, K H 50 ik 2088 22 7 e i & i 2 &
AN 5 3 RS Z T AN B 25T Bk 2 MRRAE T
RN 2 PR ATV, -G 15 B B IE T BIA R N
4 Fh. RETJE ST, g A A A 4 iR FH
% 2 ik

T2 AR RN R B, R IR R RHE
R JFIR N TR AR “lin” f1 “non-
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Table 1  Coefficients statistical table of different modal spectrum feature for PD
Bl Chl Ch2 Ch3 Ch4 Ch5 Ch6 Ch7 Ch8
LRMERHIEE R R A Min 0.09050 0.007868 0.3678 0.005018 0.0001994 0.009596 0.002075 0.8741
LRMERHIEE R R A Max 1.2897 1.7351 1.1913 1.3904 5.2883 1.2649 2.0564 1.0571
L MERFE L R B Min 0.6644 0.5659 0.8813 0.8403 0.5718 0.7039 0.4860 0.9228
AR MR EE B R B Max 1.0715 1.0885 1.1680 1.1304 1.3556 1.1352 1.623 1.0599
® 2 fREFEIRY
Table 2  Coding of candidate sub-models
75 TR R TR TR G LR WIE 5

1 lin_lin Corr-PLS 1-8 1-Ch1, 2-Ch2, 3-Ch3, 4-Ch4, 5-Ch5, 6-Ch6, 7-Ch7, 8-Ch8
2 nonlin_lin Mi-PLS 9-16 9-Chl, 10-Ch2, 11-Ch3, 12-Ch4, 13-Ch5, 14-Ch6, 15-Ch7, 16-Ch8
3 lin_nonlin Corr-RWNN 17-24 17-Ch1, 18-Ch2, 19-Ch3, 20-Ch4, 21-Ch5, 22-Ch6, 23-Ch7, 24-Ch8
4 nonlin_nonlin Mi-RWNN 25-32 25-Ch1, 26-Ch2, 27-Ch3, 28-Ch4, 29-Ch5, 30-Ch6, 31-Ch7, 32-Ch8

lin” 73 FRoR e ME AR 2R 75 “T B 2R Fil
“Corr” Fl “Mi” 73l F 7R R R BRI ELAE 2.

EF XA MLP, BURFIE £ R B ER Treasel
B8 10. RAAFRFEE S R BT SEN £
TP TR 5% 2 AT IR B 1 A A 2 5 0 3R 3 Bk,

% 3 w4

1) MBVR #5841 /N0 R 72 08 0.04404, £
HORST  8, HAEM FALAYSEA R {25 17 18 27 22
19 30 24}, FRLAY TIN5 22 4% B8 i oy BV
ghiGak 2 I, XA TR AY I 2R SR M-
RWNN-Ch1. Corr-RWNN-Ch1. Corr-RWNN-Ch2.
Mi-RWNN-Ch3. Corr-RWNN-Ch6. Corr-RWNN-
Ch3. Mi-RWNN-Ch6. Corr-RWNN-Ch8; ] i, £k
PERFE—E LR PR 3 A4S, JER MR e -2k 1 1
BN 5 A, RAERETHXREMWER RWNN

TR MR TEAE; ALA@IE N Chl, Ch2, Ch3. Ch6
F1 Ch8, 7 AR K ARIR S IR IRSh. & AR 5
B RIR SN A B X 38R 75, HH Corr-RWNN-Ch8
FLAG /N T 5% 22 2 B AN [R) AR A5 R AIE 25 1)
MBVR 15 5 HA Z 71

2) PD R 1) e /N B0 1R 25 4 0.01452, 5%
FGF R 7, AR BRAE Sy {22 14 24 32 26 19 30},
TR B TR 22 3 B s B HE 7 ek 2 Al
1, IR e R B AR SN Corr-RWNN-Ch6,
Mi-PLS-Ch6. Corr-RWNN-Ch8, Mi-RWNN-Ch8.
Mi-RWNN-Ch2. Corr-RWNN-Ch3. Mi-RWNN-
Ch6; A W, LR MHASME—ARE 26 THEA O 3 4, JELk
PERFIE— AR LR PE PR Ny 3 AN, 2R PR AE—28 1 145
BN 3 A, RPET G S IRIURHE T HEAME M
RWNN F 48 4 5 3 A #8818 9 Ch6. Chs,

3 AFRHEES: RS BT £ K SEN RERL [ 005 22 A0 prie 45 10 T B B gy o5

Table 3  Prediction error of SEN model with different feature selection coefficients and selected sub-model number
. MBVR PD CVR
L kiR 22 BTG 5 iR 2= BTG S iR Ly aR it R
1 0.05330 { 2123273117 3219 24 30} 0.01579 {26 18 30} 0.01083 {14 19 26 18 30 22}
2 0.06204 {14 31 32 24 27 30} 0.01805 {2510 31 32 14 19 24 18 30} 0.009697 {27 26 22 30}
3 0.04515 {917 26 14 30 27 22 32 19 24} 0.01855 {24 14 18 30 26} 0.01146 {27 14 19 26 31 18 30 22}
4 0.04717 {23 17 27 19 32 24 30} 0.01582 {14 24 26 27 32 30} 0.009544 {19 30 22}
5 0.05231 {27 17 30 23 19 32 24} 0.01843 {24 14 25 22 18 19 30} 0.01093 {20 14 31 27 32 19 26 22 30}
6 0.04433 {31 22 30 32 19 24} 0.01452 {22 14 24 32 26 19 30} 0.009930 {23 25 20 18 32 27 26 19 30 22}
7 0.05697 {31 32 24} 0.01627 {26 22 18 24 32 19 30} 0.009870 {6 20 28 19 32 18 26 27 22 30}
8 0.04459 {27 26 23 22 31 25 30 17 32 24} 0.01687 {27 18 32 19 30} 0.009280 {28 18 26 27 19 22 30}
9 0.04969 {26 32 27 30 25 19 24} 0.01718 {2 18 27 6 26 32 25 30} 0.009650 {18 32 26 25 27 19 30 22}
10 0.04624 {22 17 26 27 30 25 32 19 31 24} 0.01748 {25 26 22 32 27 6 18 19 30} 0.01212 {22 30}
11 0.04404 {25 17 18 27 22 19 30 24} 0.01769 {17 23 22 26 27 6 30 19 18}




8 I

PUC eSS 4L SOL R NRE R Sk S i S0 L Qb ly IR e S GUTIIWIRFS

1929

x4
Table 4

PERL AT S B8 J0IE 5 2 B RAE TS B RS O (R IR 22 PR

Comparison of test errors between various channels of mill load parameters and

multi-modal feature subset SEN model

RMSREs

MBVR

PD

CVR #

Corr-PLSMi-PLS Corr- RWNN Mi-RWNN  Corr-PLSMi-PLS Corr-RWNNMi-RWNN - Corr-PLSMi-PLS Corr-RWNN Mi-RWNN

Chl
Ch2
Ch3
Chd
Chs
Ch6
Ch7
Chg

A5k

0.1924  0.3426 0.1314 0.1503 0.06710 0.05411

0.3213 0.7207  0.3103 0.1401 0.04221 0.04430

0.4401 0.4431  0.09112 0.09020 0.12012 0.07611

0.5125 0.4225 0.2822 0.2001 0.1142 0.08620

0.4611 0.3409 0.1911 0.2221 0.1087 0.08122

0.3105 0.2141 0.1431 0.1341 0.04410 0.03720

0.3802 0.2502 0.1321 0.1101 0.1083 0.06241

0.5934 0.6031  0.08090

0.04404

0.3631 0.0971 0.07910

0.06910
0.03321
0.03111
0.06460
0.1161
0.03520
0.06121
0.03310
0.01452

0.05161  0.05911 0.06622 0.07030  0.04930 AR
A RIRS
AR
TR AR
I AIRS)
AR RS
T AR B

W IR 75

0.03751 0.05650 0.04711  0.03711 0.02620

0.05210 0.1132 0.07831  0.02922 0.03810

0.1184 0.07442 0.06910  0.04110 0.04772

0.09810 0.09711 0.09610  0.04440 0.09911

0.02431 0.03520 0.03641 0.01630 0.01720

0.05611 0.09451 0.04811  0.04910 0.04141

0.03220 0.1421 0.08930  0.06840

0.00928

0.03730

Ch2 H1 Ch3, 73 AR HAIRS) . B BE X I 75 4]
PRI A AR, Hod Mi-RWNN-Ch6 2 /)
T R 22, R FBSRHEZ &1 PD 5 8 A
A2, I B3 BEAREN IR SIS A R AE .

3) CVR BLAL 1) e /NI 5 %2 4 0.009280, &
FORSER 7, HAERT AR A {28 18 26 27 19 22
30}, PR A TIN5 22 F bl B HE T 455 3% 2
AT, IR S YRR 1) BRSSO Mi-RWNN-
Ch4. Corr-RWNN-Ch2. Mi-RWNN-Ch2. Mi-
RWNN-Ch3. Corr-RWNN-Ch3. Corr-RWNN-Ch6.
Mi-RWNN-Ch6; #] W, MR- AE & 1A
3A, AR PERFAE— AR LR A N 4 AN, RIAKT
FHOC R HOAN HAZ B HURFEM 2 1 RWNN A5 1Y
PERERENS AN, #RASIEIE A Chd. Ch2. Ch3 F1 Ch6,
I3 HARER AR R IR 75 . AR R IR 3. @ AR
PR Mgk AIRSh, HA Mi-RWNN-Ch6 A £ /M)
TR 2, R FBSREZE 5 1) CVRAE B A
A 2R, T BARLENURIR 2 F0 68 1R i 75 A i
REAE .
4.2.4 LINEERELE
AR B2 8 M NS 550, HiREA
7] T HoAth O B AL T 7 ik R, b AT
BALJE A RN SC R T VR I SIS A R L

HH 4 F1E 5 AT 40:

1) ASCHTHE 74 XF 3 AN BE ML G e 2 50 °F
P TMR 228 0.02260, 7N T2 T~ 5L I8 18 11 35 Tl
Wiz, Horb: Cha 1 Chb IR 2 50k, 405
790.1019 F10.1056, FHAh 5 A8 18 [ Tl i %2 /5
0.0501~0.0774 2 [8]. [RI, A SCHTHE 75 v 10 Tl 14
A LU T B T 1) iR T T 1 Ry, R T AT Y
A S

® 5 BHOGSHEEIE S 2B RE T ARG B R
IR 1 #4900 KR 22 PR

Table 5  Average test errors comparison of the various

channels of mill load parameters and

multi-modal feature subset SEN model

JWiE MBVR PD CVR  “PHRNRZE &

Chl
Ch2
Ch3
Ch4
Ch5
Ch6
Ch7
Ch8
ARILT5iE 0.04404

0.1314  0.05161  0.04930 0.07740  fafAIRE)
[ERZET2)
[EZS
[EES
7R ARZ)
hEARE)
iR AR Eh)

SR A

0.1401  0.03321  0.02620 0.06650

0.09020 0.03111  0.02922 0.05020

0.2001  0.06460  0.04110 0.1019

0.1911  0.08122  0.04440 0.1056

0.1341  0.02431  0.01630 0.05820

0.1101  0.05611  0.04141 0.06920

0.08090  0.03220

0.01452

0.03730
0.00928

0.05010
0.02260

2) AN[FLIEIE PR 22 (8] B 2 e ik, H
o B RIRS Chl il Ch2 (TR 2 2 BN, 14
YR Ch3 1 Chd BITRMRZAHZE 2 £, F@AL
) 4 A& 3R 2015 5 Chb LA Ml A& R 31 {5 5 Ché6
AT Ch7 W TR 2 K 2 £, B EE X3RS Ch8 1
TR Z2 N, X 3R B BE LA [F) A7 B 3R S A4 75
55 EEEARK BN AR ZSHE R, RAAR
IE 1) 2 A5 5 A B T 523 BB ML A7 far 2 550 HER
&, kAk, Cha A Chb TR R 2228 i H At i i
2 B IX /N I8 TE AT AR .

3) [E— MLP fEA RINUARIEE At 2 B
25k, Hrb: % MBVR, Ch8 FllR i 2 i
/N, AN 0.08090, 1 Ch4 fIHK, v 0.2001, B4
M2 2 5. & X PD, Ch6 BN IR Z &N, N
0.02431, Ch5 [k, N 0.08122, FHZEIE 4 %; %
X CVR, Ch6 iyl iz 2 /)5, 4 0.01630, Chl )
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KN 0.04930, FHZE 3 £5. B4, £1%F PD fil CVR,
Ch6 WIE ¥ BA HE MM 2. Likgh R,
EFXFRI—A MLP i 5, & B E 5 RHE 2 (8]
FELETUAR A EAME, HEAT 283515 5 A RHAIE 1)
PSR R AT,

4) [Al—HiEs (EE) XA R MLP gtz 2
AAZRM: 5% MBVR R ZY & T PD
AT CVR, 41 Ch3 ) MBVR Fll % 24 0.09020,
PD M CVR Tl = 2 7 74 0.03111 F1 0.02922,
AHZEIE 3 £, Ul BN 0 A [F] B AL A7 17 S 4001
BBURRFE AN (H2 ) IX AT RE 5 AT R F 11 S 56 B L
(RF I A AH DR ). AR, X FF B AT HE IR N 5K
IGHE L.

5  Z5ip

B 2 A v 4 LR Bt da N RRAE S
MLP (8] [T fiff o e S A5 7R el DAY S Py ol A, AR S
SR T 3T 2SR R B R SR ) MLPF J7
. EE TR IUAE: Re s i 2 BT S
PEHEAT 2 MEARHAIE T AR AR 2 MEARFAE TSR 1Y H & M
e, P A MERFAE 2R I TR A 2R MR AE AR 2R
Ve AR AR L VERF AL 2k 1k A Y | AR R PR AL R
2 R R ) SR G ik R A AR Y [ () 22 SR, 4R
W7 2B TR ) H NS A R i
I A I R SIS R AL A R E A URIR B AR 75 40
WG 07 B IE 1 PR T iR A Rk
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