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Optimal melt index prediction based on ICPSO WLSSVM
algorithm for industrial propylene polymerization
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Abstract: Melt index (MI) is considered as one of the important quality variables of propylene (PP)

polymerization, which determines the products specifications. Thus, a reliable estimation of MI is crucial

in quality control. Addressing the deficiency of the particle swarm optimization (PSO) algorithm, whose

particles are easy to sink into premature convergence and run into local optimization in the iterative

process, this article introduces the selection strategy, the immune clone PSO (ICPSO) algorithm, which

makes the particles of ICPSO maintain the diversity during the iterative process so as to overcome the

premature convergence of PSO. The ICPSO was used to optimize the parameters of weighted least support

vector machine (WLSSVM) to predict the melt index of polypropylene, so the optimized model ICPSO _

WLSSVM was obtained. Researches on the optimized model were illustrated with the real plant of

propylene polymerization, and the results showed that the proposed approach had great prediction

accuracy and validity.
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Fig. 1 General scheme of propylene polymerization
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Table 1 Benchmark functions

Benchmark function Dimension Search space Optimal value Acceptable value
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Table 2 Comparison of optimization accuracy

between algorithms

Function Indicator PSO ICPSO
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Table 3  Prediction of WLSSVM models before and

after optimization on test dataset

Model MAE MRE/% RMSE STD
WLSSVM 0. 0727 2.76 0.1172 0.1058
PSO_WLSSVM 0. 0550 2.09 0. 0986 0.0943

ICPSO_WLSSVM 0. 0490 1. 86 0.0905 0. 0889
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Table 4 Prediction of LSSVM models before and

after optimization on generalization dataset

ASCIN 4 A HEFR K LA AT IR R, 43 )2
YR 22 (MAE), FHHXR2ZE (MRE),
W Mig 2% (RMSE), #ri#fE2 (STD)., MAE,
MRE, RMSE Jiz i) 2 A5 80 i e off 1 AR/
DU 1 R s STD Sz Bt i) 2 A58 80 1 B 1k, 3L
(ECBR /N RS PR AT . R 24 R

v
MAE = 4> |5 — 5| (12)
N

L [y—y
MRE = — > | &% 13)

NZ; Vi ‘
as

1 N

STD =, [y 22—  i=1-.N 5

i=1

AP v w20 B0 B AE AN B AL, e =

N

yli.’);l’zz %Zei o

i=1

WL 3, Al DLW R A B AT ) WLSS-
VM B X 56 UE B 0 TR A R 22 . St Rk
PSO B4k 4k J5 i) WLSSVM 5 42 A5 78 % 36 JiF %%
4 0 T 1% 25 EE W] /N T ) i WLSSVM . il iz 45
AL, Horpal PSO B8k p Ak 09 B8 15 4k 45 R A T

Model MAE MRE % RMSE STD
WLSSVM 0.0742 3.09 0.0953  0.0985
PSO_WLSSVM 0.0492 2.06 0.0643  0.0665
ICPSO_WLSSVM 0. 0358 1. 50 0.0483  0.0494

B2 5 TARAETETIG WLSSVM 458 714 Xif 35 41 i
WA R . T LUE Bl L 4k 5 ) WLSSVM
PR B 1 e A 2 B ol B N BT E S A
ICPSO B3k 278 PSO Bk ny 5Ll B, A T4 0%
B PR I TR 3 N MR S R AR, R
R TR ZMEvE, B DS 47 ol e T PSO Bk
Sy TR S ) I, AH X F PSO 5k, ICP-
SO FHEA B MR R RE. B 20 W
JEB] T ICPSO _ WLSSVM #i#l [ PSO _ WLSS-
VM B 19 e AL 20 o, 70 4R 5 n 42 3 52
i, Wik 2ZET /N, WHEBHE LK 2(b) kFE,
ICPSO _ WLSSVM #4177 fb e J) f 4 PR AE
AR E A FRRIE 0~6 FERURT 12~15 FE
LE ST

S

Sk wE ik PSO B 3E 1 5 B T Ja 38 B A0 1) B B
ASCR 5 R0 e (s BALHALS . 2 0 e
BFHERE . (ICPSO) . He#AALHT G ) WLSSVM



%3 FAEE . P PSO _ WLSSVM 5 ) 5 P4 I 45 il 5 £ T 4 « 871 -
3.0 - 2.60
+ analytic value
29k o WLSSVM 2.55
. A PSO-WLSSVM
238 m ICPSO-WLSSVM 2.50
' 245
2.7 2.40
S 26F R S 235
\
1N
2.5 230
2.25
24r + analytic value
220F 5 WLSSVM
231 5151 a PSO-WLSSVM
m ICPSO-WLSSVM
22 | I 1 | L 1 1 1 1 2.10 1 1
0 2 4 6 8 10 12 14 16 18 20 5 10 15

sample number
(a) original dataset

sample number

(b) generalization dataset

B2 Ak RTE WLSSVM 5 AU X6 56 iF £ 1 7141 25 31

Fig. 2 Prediction of WLSSVM models before and after optimization on test dataset
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