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Abstract: Mill load (ML) is a key parameter of grinding process. Whether the status of ML and the parameters of
ML can be accurately identified affects the quality and quantity of the product, and the safety of the grinding equipment.
In practice, the ML status is monitored by the experience of the experienced operators. The ML parameters relate to ML
and ML status directly, which is difficulty to be measured. To deal with these problems, a soft sensor strategy and an
approach based on time/frequency information fusion are proposed. In this approach, at first the power spectrum of the
shell vibration and acoustical signals are obtained. Then, the frequency spectrum features are selected by using adaptive
genetic algorithm-partial least squares (AGA-PLS). These frequency spectrum features are fused with the current signal of
the mill motor, constituting the PLS-based model for predicting the ML parameters. Finally the ML status is obtained by
the ruler reasoning-based discrimination model. A grinding process experiment in the laboratory-scale ball mill validates
the efficacy of the proposed soft sensor approach.
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fusion
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Table 1 Discrimination rulers of ML status
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Table 2 Errors statistic results of soft sensor models

FHRLE BE0IKIE R

PEEIPLS 0.4002  0.1429  0.1793
PREHPCR 0.3533  0.1358  0.1494
PR5IAGA-PLS 0.2328  0.0953  0.1811

= A PLS 03179  0.2932  0.2578
P=APCR 0.3329 03004  0.3557

PR A AGA-PLS 0.2736 02046  0.1932
PR 75 PLS 02711 02141  0.1922
PB4 PCR 0.2878  0.2135  0.1942
RENEAAGA-PLS  0.1771  0.1112  0.1273
PRNPEFAGA-PLSHL/ 01771 0.1104  0.1172

2 f3 I g e 1) AL IR 5 R
B IR AR T 2) BET IR 5 A A R 3l AT
BRI AL, AP ks S 1 RN, 3) 2T

R R IE 18 6 I BERORS T i 4) Z U815 5 (A A7 A
JUAR S HAN, Rl RERE TR S BARG L. H2, BEHL
HL R AE ALY P R A O AN B 2, 35 SR IS LA
K.
4.4 BEEPLT AR A A 5 (Discrimination of ML sta-
tus)

W RLER L 19 F 40.60F10.85; B B ¥4 & 13 i
0.57H10.80; 78 BIAE 40.32H10.45, %t gk
AT, F S5 R A3 R,

% 3 MLAKAP| A 4%
Table 2 Discrimination results of ML status

Kb dEH AT g R
MG Y 2/4 5/6 0/3 7/13
PFfES 2/4 6/6 0/3 8/13
s 3/4 5/6 173 9/13
A fES 4/4 6/6 2/3 12/13

H 3T 40, JE T {5 5 MLAR & R0 K L
B, HEA R S AR AT A A, UERH T A
[ 5 AN A ML 2 B AT AN AH DG mils
AL RGBS, ATMLZ 5K DR B2 =, A
M E TMLRAIRA R, 1£5)92.31%.

5 #Z5i&(Conclusion)

ASCAKIEMLZ H0 5 F A9 2 A0 1 AH S P A
TNV S L K FNMLAR S (2256, 42t T Fil
A IS S ML & 56 0%, 3 i AGA-PLSH.
6 W Bl B Al P AR JE AT OIS R AIE 1B B, £ ST
T 5L TPLSIIMLZ HAS Wl #5578 K 356 1 0 ) #ff: 34
IMLARZS A AR Y. i g T S LR AP 50y B 4l 7
15 SRR A LABRE . ML 2 30 LUK I L 22 4% 8 8%
5 LA DL B Rl A AT AR o A R B AR
A BE J) 2 S5 ), 14 5% T MILZ: H50RS A5 7R g ol
BE 7, $ i T MR 25 A0 S B 2R () U0 6. i ok sz
56 S AL () B P BB AT S B 90 UF T 2% 7 VA Rk
HE— 20 (P9 Ik S 56 B AL P 3% 482 BB Ay S5
TV BE RS2 6 56 UF AR SC T 1k

£ % 3k (References):

[1] ZHOU P, CHAI T Y, WANG H. Intelligent optimal-setting control
for grinding circuits of mineral processing[J]. I[EEE Transactions on
Automation Science and Engineering, 2009, 6(4): 730 — 743.

[2] ERELL, B, BREEDLGATAL I BR 5 R e s (). b R 14
R, 2001, 7(1): 19 - 23.

(WANG Zehong, CHEN Bingchen. Present state and development
trend for ball mill load measurement [J]. China Powder Science and
Technology, 2001, 1(1): 19 —23.)

[3] FRAZE, SERAM. SR R 2 A SR U ML S (4 e 2 0.

PR 5 R, 2010, 27(11): 1471 - 1478.



570

7om B g

[

5 N H 29 %

[4]

[5]

(6]

(71

[8]

(9]

[10]

(11]

[12]

[13]

(HANG Liyang, CHAI Tianyou. Intelligent mill-load control for pul-
verizing system in alumina sintering process[J]. Control Theory &
Applications, 2010, 27(11): 1471 — 1478.)

ZBHAUMIK A, SIL J, BANERIEE S. Designing of intelligent expert
control system using petri net for grinding mill operation[J]. WSEAS
Transactions on Applications, 2005, 4(2): 360 — 365.

NIEROP M A V, MOYS M H. Exploration of mill power modeled as
function of load behaviour[J]. Minerals Engineering, 2001, 14 (10):
1267 — 1276.

JARY, SERMi. R T REBEHL AT 1R RE M S5 0. 4 I BE i
LR, 2008, 25(6): 1095 — 1099.

(ZHOU Ping, CHAI Tianyou. Intelligent monitoring and control of
mill load for grinding processes[J]. Control Theory & Applications,
2008, 25(6): 1095 — 1099.)

FBE, SR 5T 20 fil & 5 52 101 4 B G Bk WL A7 A A AL 4
HI]. 46 249K, 2009, 60(7): 1746 — 1751.

(BAI Rui, CHAI Tianyou. Optimization control of ball mill load in
blending process with data fusion and case-based reasoning[J]. Jour-
nal of Chemical Industry and Engineering, 2009, 60(7): 1746 —
1751.)

ZENG Y G, FORSSBERG E. Application of vibration signal mea-
surement for monitoring grinding parameters[J]. Mechanical Systems
and Signal Processing, 1994, 8(6): 703 —713.

B P IR B SR IR T [D]. PERH: AR K2, 2001.
(MAO Yiping. Study on intelligence control strategy of ball mill Pro-
cess[D]. Shenyang: Northeastern Uniersity, 2001.)

GUGEL K, PALCIOS G, RAMIREZ J, et al. Improving ball mill con-
trol with modern tools based on digital signal processing (dsp) tech-
nology[C] //Proceedings of IEEE Cement Industry Technical Confer-
ence. New York: IEEE, 2003, 1: 311 - 318.

HUANG P, JIA M P, ZHONG B L. Investigation on measuring the fill
level of an industrial ball mill based on the vibration characteristics of
the mill shell[J]. Minerals Engineering, 2009, 22(14): 1200 — 1208.
TANG J, ZHAO L J, ZHOU J W, et al. Experimental analysis of
wet mill load based on vibration signals of laboratory-scale ball mill
shell[J]. Minerals Engineering, 2010, 23(9): 720 — 730.

LIU J L. On-line soft sensor for polyethylene process with multiple
production grades[J]. Control Engineering Practice, 2007, 15(7): 769
-778.

[14] QIN S J. Statistical process monitoring: basics and beyond[J]. Jour-

nal of Chemometric, 2003, 17(8): 480 — 502.

FELICIO C C, BRAS L P, LOPES B J, et al. Comparison of PLS
algorithms in gasoline and gas oil parameter monitoring with MIR
and NIR[J]. Chemometrics and Intelligent Laboratory Systems, 2005,
78(1/2): 74 - 80.

HAWKINS D M. The problem of overfitting[J]. Journal of Chemical
Information and Computer Sciences, 2004, 44 (1): 1-12.

YANG Z J, YOU W J, JI G L. Using partial least squares and support
vector machines for bankruptcy prediction[J]. Expert Systems with
Applications, 2011, 38(7): 8336 — 8342.

LEARDI R, GONZALEZ A L. Genetic algorithms applied to feature
selection in PLS regression: how and when to use them[J]. Chemo-
metrics and Intelligent Laboratory Systems, 1998, 41(2): 195 — 207.
WIEGAND P, PELL R, COMAS E. Simultaneous variable selection
and outlier detection using a robust genetic algorithm[J]. Chemomet-
rics and Intelligent Laboratory Systems, 2011, 38(7): 8336 — 8342.
SRINIVAS M, PATNAIK L M. Adaptive probabilities of crossover
and mutation in genetic algorithm[J]. IEEE Transactions on Systems,
Man and Cybernetics, 1994, 24(4): 656 — 667.

[15]

[16]

[17]

[18]

[19]

[20]

Ve A~

& Ak (1974—), B, WELEERE, BRTRFSUTT o 4G E Eik
FRGE, ST R 1B i @A, E-mail: (jian001@126.com;

SR (1947—), B, #dz, WA S0, b E TR L, 3
TERFI) Sy TG R 2 AR R BE AR ) S i Dk g a A sk
4% E-mail: tychai @mail.neu.edu.cn;

LA (1970—), &, @IBZ, WA S, E R RN
AR WIS I A S 2% T R KA, E-mail: zljlunlun@163.com;

% B (1968—), B, #IE, kA0, RERRTT WAL
AR A R ARG L 52 % Tl R IR EERE 5 R A6 %%, E-mail: hengyue@
mail neu.edu.cn;

HEM  (1966—), L, HFZ, FEWFFT I A RAE LIk LEA 1
BEWFFT L N FH 4, E-mail: xiupingzheng @263.net.



