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Coke Price Prediction Based on ELM Optimized by Double-elite Evolution Salp Swarm Algorithm

ZHU Xuhui'?,SHE Xiaomin''* ,NI Zhiwei''* , XIA Pingfan''? and ZHANG Chen®

1 School of Management, Hefei University of Technology.Hefei 230009, China

2 Key Laboratory of Process Optimization and Intelligent Decision-making, Ministry of Education, Hefei 230009, China
3 School of Artificial Intelligence and Big Data, Hefei University, Hefei 230092, China

Abstract Coke is one of important industrial raw materials,and accurate prediction of its future price trend has great significance
for making production scheduling plans of coking plants. Extreme learning machine(ELLM) has strong generalization ability and
fast computing speed,and it is suitable as the model of coke price prediction. However, the prediction performance of ELM is
greatly affected by its key parameters,and its parameters need to be optimized. Based on this,a coke price prediction method is
proposed by optimizing the key parameters of ELLM using double-elite evolution salp swarm algorithm. Firstly, the double-elite
evolutionary salp swarm algorithm(MDSSA) is proposed by introducing logistic chaotic mapping,improved convergence factor,
adaptive inertia weights and double-elite evolutionary mechanism,so as to enhance the search capability of salp swarm algorithm
(MDSSA). Secondly, the connection weights and thresholds of ELM are optimized using MDSSA for finding the optimal parame-
ters combination, so as to construct the MDSSA-ELLM coke price prediction model. Finally, the convergence performance of
MDSSA is validated using 8 benchmark functions,and the prediction ability of MDSSA-ELM model is tested on the actual coke
price dataset. Experimental results demonstrate that MDSSA-ELLM has stronger predictive capability than other methods, and
MDSSA has superior searching ability than other algorithms, which provides an effective prediction tool for coking plants for
achieving intelligent production scheduling.

Keywords Salp swarm algorithm, Extreme learning machine, Double-elite evolution,Coke price prediction
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Table 1  Test functions

FC+) Expression
F1 Fi(o)= 2t
i=1
F2 Fy(o)y= 2 |a; |+ 1 ||
i=1 i=1
F3 Fy(o)= X ([x;40.5D°
i=1
n
F4 F, (x)= > i;z'li+randum[0,l)
i=1
F5 Fy(2)=—20A; — By +20+e
: e £ (2
F6 Pﬁ(‘l')*m,.,l“" 71C%(f)+1
n—1
F7<1->:nL<A2+_§lBZ—c2>+DZ
z,+1
¥ =1+
F7
k (e, —a)™, xi>a
ulx;sasksm)=)0, —a<zr;<a
k(—z,—a)", zi<—a
n
F8 Fg(2)=0.1{A;+ X B3 +Cy}+Dy
i=1

# 2 BOHLBI AR AL 5 IR I e T X b 43

Table 2 Comparative analysis of random initialization and chaotic mapping

Test function random logistic sinusoidal iterative

F Mean 0.0379 2.6025%x 1074 1.2845x10% 2.3870X10 2
Var 0.0076 5.3904x 1078 3.6458X10 6 8.0947X10 6

F, Mean 0.3503 0.0325 0.0929 0.1191
Var 0.1095 3.8916x 1074 4.9906X10 3 6.1030X10 3

F, Mean 0.0294 4.5173%x107° 2.0914Xx10" 1 5.4021X10 3
Var 0.0024 8.4758x 10710 5.8316x10 8 1.2373x10 ¢

F, Mean 0.0571 0.0188 0.0274 0.0366
Var 0.0019 2.3232%x107° 2.5612X10* 2.9853X10 *

F Mean 0.1895 0.0105 0.0201 0.1224

? Var 0.0797 5.3709%x 1075 2.2421X10 4 7.2522X10°°

F, Mean 0.1592 1.3755X10 4 2.4880X10 3 3.9200%x 1076

0 Var 0.0185 1.8768x10 7 3.8511x10° 6 1.0035%x 10~ "

E Mean 0.5200 0.0829 0.0942 0.0963

! Var 0.1160 1.6378x 1073 5.0027X1073 2.6581X102

Fy Mean 0.1301 0.0117 0.0325 0.0225

¢ Var 0.0312 2.2387x107° 5.2489X10714 2.4230X10"4

F1HSBHEERIT .

A, :exp(—O. 2 /L ”‘x? )
n =1

B, :exp(}flicos(ZnI, ) )
i=1

A, =10sin(my;)
B, = (y;,—1D?*[1+10sin* (nty+1) ]
Cr=(y,— 1)

D, = Y u(a:+10.100.4)
i=1
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Fig.1 Structure diagram of extreme learning machine network model
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Table 3 Parameter settings of MDSSA

Parameter name Definition Value
Cmax *Cmin WS HEF c i kB RAME 3.0
Cinax  Cmin WS Ty BORE RN 2.0

ISRLY HALE & 0.0,0.01
Dmax + Omin WE R B R AE R /NME 1,0.5
a F AL 2 0.05
Cp2C3 LRI ¢ [0.1]
N A 30
Tmax ik 3% R ORH 100

AR S Y 48 %f iR 2% (Mean Absolute Errors MAE) .
S 4 %) H 43 1R 22 (Mean Absolute Percent Error, MAPE) |
77 #1222 (Root Mean Square Error, RMSE) Al #l & B9 &
B R A g WO AT M B A I AL e AR ORI .

MAE=L315 =, an
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1 m 7/\
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Fig. 3 Comparison results of optimal values
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Table 4 Optimal value results obtained by different number of search individuals
Parameter 20 25 30 35 40
F1 7.0124X101 7.0096X104 6.9986X104 6.9931X104 6.9918x10¢
F2 7.1589X10 * 7.0144X10—1 6.9068 X101 6.9045X101 6.9040X1014
F3 7.2478 X104 7.2216X10 4 7.1564 X104 7.1505X 104 7.1490X 104
F4 7.0708 X104 6.8943X104 6.7961X104 6.7939X104 6.7896X104
F5 7.2242X104 7.1740X 104 6.9890X104 6.9882X104 6.9815X10 ¢
F6 7.3736X104 7.3061X104 7.2146X104 7.2135X10~4 7.2117X104
F7 7.2315X101 7.1260X10—14 7.1039X10~14 7.1006X1014 7.0918Xx10—4
F8 7.2787X10—1 7.1633X10—1 7.1555X10—1 7.1454X10—1 7.1406 X101
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Fig.4 Convergence curve at different iteration times
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Table 5 Results of error metrics wi

th different number of hidden elements

Element number Variable name MAE MAPE RMSE R

90 Mean 0.0623 0.6657 0.0816 0.9696
Var 2.3336X10 ¢4 0.1020 4.2378x10 * 2.6186>10 *

- Mean 0.0491 0.4794 0.0638 0.9817
Var 1.3682X10¢ 0.0320 1.8399x10 * 6.3768X10 °
Mean 0.0301 0.2867 0.0400 0.9932

30 Var 9.0684x10 6 0.0048 1.1738X10°°  1.3092x10 6

_ Mean 0.0317 0.3352 0.0417 0.9924

35 Var 2.5600X10 ° 0.0050 3.8634X10 %  4,9988x10 ¢

0 Mean 0.0323 0.3530 0.0426 0.9920
Var 2.6416X10 P 0.0088 4.7828X10°9  6.7681x10 ©

Value

MAE MAPE RMSE R
index

K5 KfatndEE )y A

Fig.5 Histogram of mean value of each indicator
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Table 6 Comparison results of optimizat

4.3.2 MDSSA H# ft il 3%

S T I e B 3 (MIDSSA) 76 A% 2 5 4 2 [ vh 1
HWRWRE AR 1A 8 AN IR PR & XA [ Y 2
(dim=2,5,10,20), ¥ T $& 5 ) MDSSA 545 SSA il IS-
SAPCHERT L, B AR 7E R ) 4 B2 R 8 AN I bR A R 8 T L
IR ARAE I & I DL e 7 25, SE R 25 SR 3k 6 Al
HH 3% 6 1], MDSSA B3k 7E 8 A~k ok 85 1 A e S g IH
YT F5R i SSALHH b ISSA, MDSSA 75 Wi £ 1 BE 77 17 11 2 B i
—RE MRS 7E 8 AR bR 45 SIS B 2 1k A F ISSA.

SSA ) T L RE XS L 45
ion performance of SSA,ISSA and MDSSA

Test function Best value Worst value Mean Var
SSA 7.0527X10 16 2.6651x10 1% 1.8342x10 1° 2.2010x10 3!
F1(dim=20) MDSSA 1.3799x 1072 6.5674x 10717 5.7450x 10718 2.0373x 1073
ISSA 3.5040Xx10 17 8.8135x10 16 3.2708X10°16 3.9605X10 %2
SSA 9.8532x107 1.9295X 108 1.4945X 108 4,9399X 1018
F2(dim=10) MDSSA 1.2463x 1071 1.3485x 1072 1.6004x 10710 6.0695x 10720
ISSA 6.0701x10? 4.4434X10° 2.6802X10 7 1.3201X 10718
SSA 1.1551x10 10 3.7023X10°8 1.7969x107 4.4748x 1017
F3(dim=5) MDSSA 4.4409x 10716 7.4385x 10715 2.4795x 10715 3.0937x 10730
ISSA 2.1827X1013 8.9098x 1010 2.3147Xx10710 9.0694x10 20
SSA 5.6917x1075 6.1796>x10 3 1.9664X103 2.8520X106
Fi(dim=2) MDSSA 1.8573x 1075 9.6785x10 ¢ 4,1250x 104 7.2451x 1078
ISSA 2.8476X10° 8.9819x 104 5.1057X10* 7.3133x10°8




RIEHE L 45« FE T UORE 3% 1 (M U 0 T B0 D0 A ELML 4 8 5 440 4% T
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Test function Best value Worst value Mean Var
SSA 8.8756x10 7 1.5717X10°8 1.2266X10 8 2.4707x 10718

F5(dim=20) MDSSA 4.0374x 10" 8.5260%107° 1.4566x 1072 2.9947Xx107 18
ISSA 3.8621x107 1.4290x10°8 8.6140x10 7 7.7472X10718
SSA 2.1094x107 1% 8.9928x 107 1% 5.4845x107 1% 3.4169x10 30

F6(dim=10) MDSSA 0 1.2213%x107 15 9.6219x 10~ " 5.5028 % 10732
ISSA 4.4409Xx 1016 7.4385X10 1 2.4795X10 1 3.0937X10 30
SSA 1.2626x10 1 7.0432X10 ! 8.2037X10 2 2.6176X10 2

Fi(dim=5) MDSSA 1.1640x 1075 9.5538x 104 4,0395x 1074 7.6574x 1078
ISSA 9.0475X10° 4.9277X10 2 1.1332X10 2 1.7562>x10*
SSA 1.3000x 1013 2.6000X10° 1.2000X 106 2.5000x10" 1

FS(dim—2) MDSSA 4,0938x 101 2.9073x 1076 2.4569%x 1077 3.6496x 10713
ISSA 4.5876x1013 1.7419X107° 8.4458Xx10° 7 1.0199x 10 1

X FEH] T A SR 19 MDSSA 7E 3-8 7 8 J7 T A9 48 3
B F W T MDSSA 1A S0k fks g v,
4.3.3 MDSSA-ELM Fam 2 £ 4 #7

J9 7 W MDSSA-ELM Fil il A= 5 (4 ¥ B , 4% 30\ 5 HoAth
TN ARE 20 7 32 E AT XoF B 52 56 A0 8 2 A 18 A Dy T I U I A
R A B 5 8 F k. At ELM, SVR, BP % 3 Fl B & fiy

T RE ST EE R an g 7 R g, B3 7 VT ELM Y 1
SRR RN WA B REL T BP, HE T MI&L, SVR
WIS T 5T B A 25 SR (0 H 3 AT I ) R T R 25 8
K. HBL, B4k U, ELM 9 T M B B — 2 A #. i
Sh K MDSSA-ELM il #5258 5 45 ELM #25 | SSA-ELM i
DAL RS ISSA-ELM T &5 81 BE AT X% LU 4307, 25 R 3k 8 Jin g,

# 7 ELM.BP 5 SVR MXJ LLZ5 R
Table 7 Comparison results of ELM,BP and SVR
Model MAE MAPE RMSE R Time
ELM Mean 0.1142 1.0716 0.1425 0.9164 0.0090
. Var 2.7289 X104 0.0735 3.2688X104 3.5910X10 ¢ 1.9149%x 1077
BP Mean 0.2146 0.2910 0.2965 0.6821 1.4615
Var 3.4802Xx10 3 0.0094  5.5701x10° 0.0115 0.0238
SVR Mean 1.0018 3.4602 1.0614 0.9550 300.9720
: Var 1.4560X10—¢ 0.0146 1.0525X10~¢ 1.4920X10 9 0.5818
# 8 MDSSA-ELM 5 At T 452 % 11 % Lb 45 21
Table 8 Comparison results of MDSSA-ELM and other predictive models
Model MAE MAPE RMSE R Time
ELM Mean 0.1142 1.0716 0.1425 0.9164 0.0090
’ Var 2.7289x10 ¢ 0.0735 3.2688X10 * 3.5910x10 4 1.9149x 1077
Mean 0.0441 0.3366 0.0570 0.9777 10.0928
SSA-ELM _ _ - _
Var 3.9073X10” 0.0110 5.3036X10" " 3.2120X107” 0.0537
Mean 0.0369 0.2834 0.0479 0.9843 10.1360
ISSA-ELM . . .
Var 2.0249X10 ° 0.0046 3.1479X10 ” 1.3620X10 ° 0.0228
Mean 0.0681 0.5106 0.0869 0.9474 10.2331
WOA-ELM
Var 1.3648x10 ¢ 0.0344 2.1482x10 1 3.0550x10 * 0.0099
Mean 0.0474 0.3784 0.0614 0.9735 10.3522
GWO-ELM -
Var 8.6683x10 0.0165 1.4047x1014 1.2721x1014 0.0102
Mean 0.0684 0.5079 0.0878 0.9468 10.4174
MFO-ELM -
Var 8.9306X10 ° 0.0357 1.5485x107%  2.1708x10* 0.0267
Mean 0.0238 0.1973 0.0352 0.9916 10.2070
MDSSA-ELM ~ B
Var 1.5420x10°%  0.0010 1.2869x10° % 2.9265x1077 0.0335

M 8 Tl 1, MDSSA-ELM # iz 17 B [6] [ 4 B 38 i, 15,
LIRS B AR AR T8N B AR T T 45 SR B O T AR v
ELM, 7EY3{8 75 T . 41 It SSA-ELM, MDSSA-ELM 7 MAE,
MAPE #1 RMSE iX 3 4~ % 22 48 #% [ 43 3 8 2> 7 0.0203,
0.1393,0.0218,[AlHf[EIH R 5 R 4B F+ T 1. 39% , 4 L ISSA-
ELM,MDSSA-ELM 7 MAE, MAPE #1 RMSE iX 3 4~ i %
EFR_E4r 51080 T 0.0131,0.0861,0.0127, [AlE 19 &% R
\/AT 0. 3%, NEBITHE LM AFEESL S, KRAT
MDSSA-ELM i il 4 24 %) 45 24 % 5 76 J5 22 J7 T » MDSSA-
ELM & T 7832 17 i ] | % SSA-ELM 5 ISSA-ELM £ 1E 8%
INERE L FEH A 4 A8 4R 3T SSA-ELM 5 ISSA-ELM,

F T MDSSA-ELM A5 &S e v . RIS | 6 450 T
4 FPRE Y (% 00 55 R A LI A LS A 2. 18] 6 AT
DA HY A SO H 10 T30 458 2 114 4004 000 TR w4 L A A AR
AL SSA-ELM K&l 5 ISSA-ELM #i % , MDSSA-ELM 1 8
AARZET /N HOREAE, LA, MDSSA-ELM T il 455 A1 A1 Lt
PR ELM BB H A7 W F %, 2% 1B ik, MDSSA-ELM H
BB A S AR

¥ MDSSA-ELM 5 WOA-ELMEFY, GWO-ELMP A
MFO-ELM" 330 3 F 70 0 45 2 35 47 X HE 40 07, il — B K 50 T
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Fig. 7 Sample fitting regression diagram of MDSSA-ELM and

other models

R TR SCHR Y MDSSA-ELM U A5 2 (1 75
45 5 5 AR A fal 3 P 25 S AR SCHR AT T I ER 9 TS
TR0 43 BT o Xof T 9 1 %ot A B8 R A T, H=1 gt 2 P {H
NF 0,05 BFFRR B H, 40, R B MDSSA-ELM 5 1
bk 22 AT AR R 22 T 5 N P AL B 22 R DY
9 Y45 B R MDSSA-ELM 5 % 148 i 34T e 8 B 18 1
PAE KA #/NF 0. 05, £ T ASCHE H MDSSA-ELM #5751
SHMBRMZ RAEREERES ., RRGRRET AR S
B MDSSA-ELM #8121

# 9 MDSSA-ELM 5%} L B A% 50 (1 T 45 56 45 R
Table 9 T test results of MDSSA-ELM and comparative prediction models
Prediction model MAE MAPE RMSE R Time
P value H P value H P value H P value H P value H
MDSSA-ELM vs BP 4.2479Xx1017 1 1.5000X10° 1 5.0928X10 18 1 8.6127x10 16 1 4.6984 10 8 1
MDSSA-ELM vs SVR 2.1211x10 17 1 4.7861Xx10°% 1 4.0949x10 12 1 2.2412X10%° 1 2.6098x10 15 1
MDSSA-ELM vs ELM 1.6393x10 23 1 2.9765X10 17 1 1.8014Xx10 2 1 1.6586x10 19 1 2.0995X10 52 1
MDSSA-ELM vs SSA-ELM 1.2065x 1017 1 4.5969x10"8 1 1.7520x 106 1 4.3516>x10 1 1 0.0388 1
MDSSA-ELM vs WOA-ELM 3.8608x10 19 1 3.0582Xx10 10 1 3.3967x10 18 1 2.5840X10 1 1 0.4968 0
MDSSA-ELM vs GWO-ELM 1.7581x10 1 1 1.4220%10°8 1 6.0901x10" 18 1 1.1251x1077 1 4.2700Xx107* 1
MDSSA-ELM vs MFO-ELM 5.8299X10 22 1 5.5939X10 10 1 2.0880X10 20 1 2.0779x10 16 1 1.7000X10 ° 1

. p<<0.05, om0 H
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