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Grinding size prediction of optimization of T-S fuzzy neural network based on PSO

LI Fenfang, CUI Guimei
( School of Information Engineering ,Inner Mongolia University of Science and Technology,
Baotou 014010, Inner Mongolia , China)

Abstract: The two-stage grinding size in dressing work is a key factor affecting the iron concentrate grade and
recovery rate. Aiming at the problem that the current dressing work cannot detect the grinding size in real time,
combined with the two-stage grinding process, the method based on particle swarm optimization ( PSO) is used to
optimize the T-S fuzzy neural network, and a soft measurement model of two-stage grinding size is established; while
the actual production data of the dressing work is collected ,the model comparison tests is conducted. The results show
that the model hit rate of the T-S fuzzy neural network optimized by PSO is 94% ,the average relative error is 0. 005
4 ,and the model performance is significantly better than the T-S fuzzy neural network model and the RBF neural
network model; the optimization model can effectively solve the fuzzy problem between the particle size and variables of
the two-stage grinding,and the prediction accuracy is high,which meets the requirements of the dressing work for the
real-time detection of the size of the two-stage grinding. The research results can provide a new strategy for modeling
the soft measurement of the size of the two-stage grinding.

Key words: ball mill; grinding size; soft measurement model; PSO; T-S fuzzy neural network

B AR RS EE T, AR BhR L MR SRS SR B ORI,
MR ARGE A R GBS TR . BRSBTS L 4R B RCR
BB I T AR, RS SRk B PRUEBE ™ 7 5 B i (0 . ESEBRA T,
RS04 JR R, T S M 42T /Y 22 % TR BRI SGE N S, RIS e B

Wi BEEE: 2021 -11 -12; 1&EIHEE: 2022 -03 -02

EEWMA: EKAAREESREITA(61763039)

EFRN: BIF55(1995—) 2 WL seAE , W BRI L A7 00 A il 05 Tl A5
BIEIEE: EHEMN(1963—) I, #d2, N E Jed B i R s AT A g2l T o



2022 455 4 )

KIFI57, S5 T PSO Ak T-S AURI 28 I 265 ) JEE 41 T 65

A R B G 4S8 B0 T B A 0 22 ELKS B A
HETARZ T T 595 R A T B LA B i 7 1
S PSR BE A TGN T, SRR T i 4 B
FE B IE e, R SR s L B (155
BT SERE A PR A AR o TR e R R
(2T LA A R, PRy 1 F50
HMELL eI AR i ) S B ORAs 1

UEAES, 1 22 3 o IS I R E 1 )
AT T T ZWRFE, R By i — A bl
A GRBOR R ShRt, B T RE
i, MELUR LA 4l BB AR R 7 A 7
HRE A D VAR SR, YR ARy U AR B Ok
FE R T AR B TR . B Ay e
B A o A O TR R A G A
TR A g Ny BB L M A K
4% 15 SR RBF 22 9 4 S LB 6 L JEE R 28 K0
W T LA ) P A A R 2 IR 4% A 25
BT S T O R AL, Tk R
T [ SR T ) T A S A, ik F)
TR BRI A Y E s B R
32 1 T — LT TR R TR O SR A 1 A
BP a4, @it 1k BP w22 9 45 v i A fE
JRIT (A S 1 B I AR SR A
X AL AR LR A I EL A — B s R X, H
SO AR R AR 0 R o 3R e RS T
B, LB S GRHL R I TC 0 v 25 R
(i LA ERRPE f ) S, — B BB L 3 )
LI RS S A3 A o

ARSCH: T % AR, R TR TR
( Particle Swarm Optimization, PSO) I fk T-S
( Takagi Sugeno) 5K H 25 9 44 (1) 5 1 37 BRI
HL B LB 1 A0 A 3% v )
PSO 55 3 B kb T-S H60M I 228 I 248 J5 125 I 4% 3
HEARUE EAIRERLYESRRG . FILILIR 9 T-S Hok
1228 DO 26 PES T B T AR AR, D iR
b S M 43 AL P VA T RECRY I 0% £ [ B

1 BB L2 AR A n) @i ik
1.1 ZEREYIZRE
BEW AR R B R —iE T, R rEs”

M—HEEMN TP, ke | BB T2
K1 iR Sl Ab PR R0 A 285 25 BN
—ERARIEA VP EREEPLUEATHLES . 2 S
RS ANBRTE 73 AL AT I e, A G A% 0k
WORLA ER AP UEA 1 BREE VLI B S . A7 Adx
HERI SR N B I B St b o A St b A
—ERIYIK, AT SR 5 A B K T e
vt KT A 8 A B O AR R BT IR AT O
Ve, AN I T HES R T R
R RS M, REHEIKE A 2 BREHL
RIS . BB L, BB kR R
DT PN BT 238 hr, R BIER
MV, R T AR o

B1 BEydiEIZRE

Fig. 1 Process flow of grinding process
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