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Abstract; Considering importance of mill load parameter on-line measurement in realization operational
optimization and control of the mineral grinding process, ball mill grinding mechanism numerical
simulation and mill load parameters soft measurement for the mineral grinding process were reviewed.
First, the mill load was described based on the actual grinding process. Then, definitions of mill load,
mill load parameters and mechanism model among them were reviewed, and the mill load detection

framework was given out. Second, current status of numerical simulation analysis for the grinding process
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was reviewed, and the difference between the grinding mechanisms of different ball mills was given out

and the possibility of soft measuring mill load based on support of numerical simulation was discussed.

Third , mill load parameter soft measurement methods & techniques based on multi-component mechanical

signals were reviewed in detail. Finally, the developing trend and the problems that need to be solved

were summarized. Results show that the soft measurement of ball mill load parameters is difficult using

the normally method. An intelligent soft measuring model with characteristic that simulate domain experts’

dynamic cognition and compensation mechanism must be constructed. Moreover, the shortcomings of

domain experts should be overcome. Thus, the intelligent soft measurement of mill load parameter can be

realized.
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Fig.2 Mill load detection framework of grinding process
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8 BIR 2l ] R 4 T A R S0 B LB
MELUG BT 22 RUBEARE i 2 B 280 45 Hh Ay 5 LY
fl ke I ALPEREA T i, s ot — 2D BGIE.

A 3o Tl S B S GO0 B HIL 71
AT R PEA ROR IR 5 B AT R G | 35 A
A SRR 25, B[R] i 5 T M0 (8 00 22 I3 AR E
T R AR GRAE AL EE 7 UGN i
JERL G R BE TR B AL, AR B2 ) B A A
R, SCHR[43 1R U 7 vk 32 B e PR & 2 TRy
fiEF4E. GASEN"' fu #5453 B Zr bl A 1) 52 1) s
MG P A RN ZR T4 BT822 IR I M 22 25 ( back
propagation neural network , BPNN ) & 37. ) & 1& - 45
Y FEF i AL 887 (genetic algorithm , GA) I 1% #) 42

JR AR RN ] B A 7 k20 A B 15 2 25
By £F X BPNN Il 2k i 8] K| 25 5 i #8L& #il
GASEN X LUK F e /MR ARG 1 45 45
SCHR[ 53 T8 10 T JE T4 PN 2 AR 2 B 3 5 it
A SO e PR £ A% I B /)N 3 ( selective ensemble
kernel partial least square, SENKPLS) % 7%, SCHik
(54142 T 125 [ 4R oy ~) il HIAE SR, SCHR55 )
P T TR 25 AR AR 23 ) FIARAIE 25 [R] A TR 5 B I
B, SCHR[ 56 42 i 5T 2 REERERHERY IR &
AT k.
3.2 EFHMIERE B AGTSERNE

Tl SR B LU 3/ 9k 75 45 2 IR >
5 BEAL G AT 1] X LD A ) 50 A 3R 1 B
KFR. EFEE LA TR R T B 5 20 A B
AHRENE S, Z IR E 5 B AME TR AR
R, w4 A5 O T R A R R S AR R S S Y
T BRI B G777 ARG DU 7 v AN 0 ) H T A
ERGEACE Y kS E N UE TSl = R A PO
RUANH G PEHE B RE S BTN A IEA T AN 2 PR T
MRS R A, SCHR[ 58 ] 2 T AR L
R S0 T IR AL G AT M s AN
o P /N RS B AL AT TR RS, SO
[59 ] £t AN EHE rh Az 3 ORI RN i s 0 . i
W AR S [B) 40 3 200 8 ARVR I Ay A 2 -5 AR )
BRI R, HI 2 S 280 MUNERKE . 1 0]
BLRR XTS5 MR B Sk = MR Ay F T v
BJ oA TR FR L b 0 RSORS00 fif ERE . %
X —[R) R, SCHR[ 60 14t 1 T~ 2 00 B AL 8 A i 5
AT 18 B AL B0 AR A S P B Ay .
3.3 ETEBRINELZENAGTSHRNE

HARAEHE T 7 S Bt A 1) Tl g R ) e
RIVERE , SOREBEERE B X n] REMLAL 55 T A 0L,
It AR SRR IE N T oAk, Tl X 4252 J5k)
JERAAE 7 i o A B BB A A PR R B 5 ) L
AR sh ARk, B HA B AR REvE. AL R
JIr e 45 1) S 25728 Hil 2 1h A5 A IR RS Al e
IR Y TEAL &R > Sk G o & A%
BREE B A H BHRR RIS A1, SN BRI HLAT B Y
i 55 PR 3R 0 32 IS L B AR sl AT P 455 AT iR
ISR, PR AR A e MBS AL A i 1B A
(R s P BURERA R o0 B I 2R AR MEE A
ISR . B T A RN SR R e L2 3 73X
B AL S EOTINPERE T %, Bt A5 B AL 6 i )
AR TR 2R 0 O SR I A0 Y.
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T UM RS AR Tl BT AP IR 1Y BT
FEAS LAGEAT B A Y BT, SCIR[ 61-62 [ 4 1 17 ik
FAERRAE 25 (8] 3T L 28 1 4K 5 (approximate linear
dependence , ALD ) Z&F-3H ) B A AS A9 328 9 A% /)
T Ffe A3k 4= 37 HF 4] 5 ML (support vector machines,
SVM) 5 SCHR [ 63 ] 4 H ik 3= T 152 22 B ( predictive
error bound , PEB ) THU 1] BB A A (1) I By B e B VR A%
B I TE LR IRESE ; SCRR[ 64 ] 42 H B T REAAH
LI TR 31 B I A A 1 B B 2 o A% g AR AR ks SOk
[65 ] $2Hh £ 75 1Eim A i 0 AR A RE AR TRl 58
FEAS I [ 38 07 Ry B A 2 > SR 5 SCHIR[ 66-67 | 4t 7
HASRE A SR 23 8] v R ALD 25 04U 3 3 R A
MIFELE FT053 T (principal component analysis, PCA) —
SVM K AEZ KPLS By 53k, BT PCA I
FEFEBR A 7k DR AN TBE R ST 0 (R LA AT R4 i A5
HOHTRE, LT PEB {05 I T B R U M B, R H]
ALD Z& A i 3 B (AT R4 ) 1 A 2 B I
BN R AR TN 4 B 1Y) 728 A 55 ] R, SCHR [ 68
T T TR AR B TR 1 2 4 1 I A A
Tk

SCHR[ 69 ] K b FRAE & T AL 1 B 3 WAL B A3 28
REATERE (N B BT 1) FEASIIAS (G idh i 555 )
BN >] (3% TARBUACE HE N, TR S A &
O AR T b k) . T i 2 A XU B /I Y
i 3T AR, SCHRL 7071 1 BB I SVM B35
SCHRL72 142 2 T RIS 24 2] KPLS A7ELR T 4 ; X
K[ 73 ] $12 1 55 T d JORH 5G9 1 A% 36k 4 B0 0% 5 SOk
[74] #2& 2 738 #E 3 70 53 M7 (recursive KPLS,
RPCA) s/ 3 — 52 £ 1n] 5 ML (least square-SVM ,
LS-SVM) (il 17 .

WFFE R, 4R oy > 331 B B L B
AEBRRE ). B ST A 2k O I R TR A T
B AL THEEEr 2 Fh 7 =X, Hoh BE T BOR 7 T
NI ARG HEREAS | BT IS AT e 5 OB S 7 X
DA R S BIPARAS 5 5 TR A S O 2Xn] P s 3 1y T
Wi B AR L. SCHR[67 ] 4R H T 3T REAS B By
HYTEL KPLS SR T REBYFITE e [ 8 I AL il &
ST TASE RIS 2R 50 A 1 2 A A R B SR, (H
WITEAR T B S50, A 3& )V RE )55, SCHk
(75 4 Hh 7 2k 4R B 3k T 0] 28 33 1) 1) R A 5
221700 U i [ U ) A A 2 DRI, B 3 TR
AR BT RYTE LA B RNk HORE A A AR
IR ER TR | [ 3 W SR 5155 R A I R 1k
o BT AR SR B B S R AR, SR

(80 J AT 1 &5k 5 SCHR[ 81 ] 4% Hi Ak T F 3 1wy PRt e
SRS A AN E B TR AR 0 Tk

4 HLERE

VR 3o e 14 P AL S AGE I [P R — B Tk A
AR T BMERST X LSR5 R85 T AR DR, o2 42
TR 0UER L 8 1) RE DA LI I R A HAFAE A
A, A RERUERE T LA AR 5 A K I T B A A R 1.
DA IHG AR SO AT JEE A o e P AT S A A 00 A 5 7] Rt
PEATERIR. BRI ST TAE XS B o R B AL 67 Ay
R B T AR E ] (B R b A — S8 Ty T A 1 gk —
RN S AT IRETIE

1) BEEOLR RSP Z 240 50155 430

BEXHE D 1o e TR R EE ML i R 7 A %R
(05 R A5 DR AR S LB AR R 22 RUBE it
SVERIR NS5 4 U 895 B R S 2 A, D
THUER R BTG R A 8 4 | 7 R A 1 AL
S Ao A AT P 4 S

2) BLRIEALOUA S BRI A A R

fEARIR B/ PR A5 5 A 22 41 20 5 1R 38 U0 7 220
FEREB VAR A M ELA 115 5, o oA BOR Rk
IV M) 3 SRR SR BB A . e TR Bk 5l
VAR ST BB R HURE LRI AP BE LA DIl R
P 2 o AR o B R MR RE S . B L KT
FI SRR AT A ORI G, T A i e
(RO ELAR AL BE 23 B vl LS R R 2 B, )
FHIXLE RN 2355 L SR U AT i 2 35 W PR Y
RO HE BRI i R A AT B SR B A 00 Y 1A
RE) B2 o Gl W RE ) 25, BP0 RO RS 3R
WX 540 BIK S0 FVASTR HE 20 2 R RY AT ARl 2
SR PEAIL G 1T AR B Y 32 R 2 —.

3) BLRIEHIL O A AR T T

Tk BRI FEAE M LAARAT 2 W B0 i U 2R s
PR, 3 7 AR U ) >R 8 T 3B X A Y 3t
AT SR, AT T SRR A S £ AR R R AT 235 4
T, LA A2 BB 50k (] IR o B 4 i 7 P 72
P 2 il 22 R AR A ZEK.

4) PERLGAT AR PSR 7

RS0y IR R NSRRI BT U el N
AR PEEOREN R, NI, 5 20 B g AR 58 4 55
R ) /D B A o A A A F) 5 R sl B AL 7 4 T
HIBTIREATHEE. He T DA R 2 MR AR5
A BT PO A PR S BUd RBE BEA T T
TREE AL Bl 3 BSOS RR, HCH o R 22 5 %)
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