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Abstract: Aiming at the complex characteristics of international crude oil prices, which are highly
nonlinear,non-stationary,and time varying, this paper proposed a method based on variational modal
decomposition( VMD) , long short-term memory network (LSTM), and the Elman neural network

(ELMAN) to predict international crude oil prices. First, the original crude oil prices were decomposed
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into subsequences of different frequencies with the VMD method. Then, different models were used to
predict high frequency and low frequency sequences. ELMAN was used to predict the last high
frequency component, and LSTM was used as the main prediction model to predict other
subsequences. Finally, the subsequence prediction values of different models were reconstructed to
obtain the final prediction results. The empirical results showed that the VMD-LSTM-ELMAN hybrid
model proposed in this paper not only significantly improved the prediction accuracy of international
crude oil prices compared with the comparison model, but also maintained strong prediction advantage
under different training set lengths and market conditions. It was shown that the model had strong
generalization ability and was reliable. Overall, experiments based on international crude oil prices
demonstrated that the VMD-LSTM-ELMAN method was an effective and stable forecasting model
that provided effective intelligent technical support for governments and businesses.

Key words: crude oil price forecast; variational mode decomposition; long short-term memory; Elman
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Fig. 4 Diagram of crude oil prices
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1
Table 1 Descriptive statistical analysis of the crude oil prices and different subseries
J-B L-B(10)
1 WTI
25.6054 0.4284** —0.5473™ 239.2922*** 81231.6769***
IMF1 23.2656 0.1781** —1.1057* 312.3273** 83168.5011***
IMF2 7.2209 0. 2400*** 7.3404% 12524, 7573** 79823. 0989
IMF3 1. 8676 —0.0725** 0.6048** 89. 53687 42457, 0646**
IMF4 1.0841 —0.0390 3. 5354 2894, 37837 35376, 5845***
IMF5 0.7293 —0.0597* 4, 5846 4868. 22517 27425, 72347
IMF6 0. 5666 —0.1033*** 30. 4266 214288. 2756 20732. 04327
IMF7 0.4764 —0.0215 65. 8704 1004276, 6969 18079, 41777
IMF8 0.4341 —1.8790** 84.23627 1645637, 0496 18076. 99467
IMF9 0.3572 —0.0922"* 116. 25497 3128211. 3623 16477, 21717
IMF10 0. 3386 0.0664** 114, 79417 3050088. 05597 18165. 8440
2
84. 8339 —0.5885""* —0.6930™"* 66.7041** 11739. 0537***
IMF1 65.2979 —0.5811"* —1.1489* 95,4717 12771. 05047
IMF2 32.9706 0. 0800 —0. 4872™* 9.4024** 11617.9018**
IMF3 13.1330 0.2279** —0.3834** 12. 6849*** 6890. 5693
IMF4 8. 8397 —0.0422 3.3075** 391.3376*** 5814, 21717
IMF5 4. 6397 0.0037 —0. 0245 0.0235 4907, 6890***
IMF6 3.0381 0.0028 0.37327*"* 4,9811* 3835.5753™"
IMF7 2.3822 —0.0044 0.6228*** 13.8697*** 3348.6179**
IMF8 2.1304 —0.0012 1. 6658 99, 1975** 2449, 36977
IMF9 1.9429 —0.0045 0.1379 0.6831 2210. 94107
IMF10 1.5794 —0. 0009 0.3431** 4.2107** 2634, 5646
s, Kok, kokk 10%,5%,1% ;J-B Jarque-Bera ;L-B(10) 10
Ljung-Box o
2 K IMF
Table 2 Central frequency of the IMF under different K values
K IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 IMF9 IMF10
1 WTI
1 0.0001
2 7.81X107° 0.4731
3 6.33X10° 0.0499 0. 4559
4 5.85X10°° 0.0273 0.1066 0.4703
5 3.21X10°° 0.0054 0.0498 0. 1855 0.4148
6 2.78X107° 0. 0045 0.0492 0.1259 0.2425 0.4434
7 2.55X107° 0. 0040 0.0277 0.0863 0.2098 0. 3096 0.4403
8 2.46X107° 0.0038 0.0252 0.0641 0.1288 0.1976 0. 2882 0.4672
9 2.41X107° 0.0037 0.0236 0.0571 0.1069 0.1696 0.2594 0.3361 0. 4457
10 2.28X107° 0.0034 0.0149 0.0379 0.0786 0. 1455 0.2294 0.3184 0. 3980 0.4704
2
1 8.10X107°
2 4.68X107° 0.0476
3 3.92X10°° 0. 0240 0.0994
4 2.13X107° 0.0077 0.0385 0.1173
5 1.90X107° 0. 0069 0. 0350 0.0883 0.1928
6 1.82X10° 0.0067 0.0340 0.0812 0. 1469 0.2987
7 1.80X107° 0.0067 0.0347 0. 0802 0. 1466 0.2449 0.3718
8 1.79X10° 0. 0066 0.0333 0.0763 0.1274 0. 1904 0.2789 0.4033
9 1.78X10°° 0.0066 0.0326 0.0714 0.1089 0.1626 0.2641 0. 3477 0. 4390
10 1.43X10°° 0.0051 0.0136 0.0352 0.0760 0.1194 0.1677 0.2410 0. 3742 0.4682
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Fig.5 Decomposition graph of crude oil prices
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. Table 3 Parameter selection for the prediction models
b b
WTI
b .
LSTM 5 5
( N )
1 128 128
° 2 64 64
23 Rel.U ReLU
VMD-LSTM-ELMAN 0.01 0.01
, SVR, ELM, MLP, LSTM, EL- 200 200
AMN, VMD-SVR, VMD-ELM, VMD-MLP, Batchsize 64 32
VMD-LSTM VMD-ELMAN ) ELMAN 0.0005 0.0005
5 5
’ 16 16
3. ,LSTM 400 200
128 LSTM , 64
LSTM , ) MSE,MAE MAPE
0.01, ,
(Rectified linear unit, ReLU)., ELMAN . 4, VMD-LSTM-ELMAN
N 16 . MSE,MAE MAPE
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Table 4 Forecasting evaluation results of crude oil prices under three loss functions
WTI
MSE MAE MAPE MSE MAE MAPE
SVR 33.7839 4.6251 0.1141 167. 3618 11.4966 0.0255
ELM 11. 3248 1.7147 0.0443 141. 0589 10. 2908 0.0229
MLP 18. 4812 1.5209 0.0474 72.0836 6.7694 0.0151
LSTM 15.1632 2.1709 0.0528 74. 2380 6.8698 0.0154
ELMAN 31.0505 4. 3082 0.0916 76.7156 . 9499 0.0155
VMD-SVR 11.6617 2.5003 0.0711 142.6775 10. 9189 0.0241
VMD-ELM 6.6960 1.7925 0.0412 68. 5694 6.1059 0.0138
VMD-MLP 48. 2020 5.4156 0.1382 8.5388 2.6177 0.0059
VMD-LSTM 1.9083 1.0097 0.0251 6.9637 2.0274 0.0044
VMD-ELMAN 26. 8179 4.9317 0. 0996 8.0219 2.2358 0.0051
MODEL A 1.5136 1.0637 0.0232 6.8412 2.0001 0.0044
: MODEL A VMD-LSTM-ELMAN ; 9:1,
MODEL A MODELA N ELM
VMD- VMD MLP
ELMAN ELMAN
VMD-
LSTM LSTM
VMD-
MLP VMIp ELMAN
MLP
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ELM  SVR —o— [ A JE i
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6
Fig. 6 Radar chart of the crude oil price forecasting model performance
, VMD-LSTM-EL- MSE,MAE,MAPE MDM
MAN , ,
MSE,MAE MAPE MDM s
, O, WTI , 30 6, VMD-LSTM-ELMAN
27 ,WTI a
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5 MDM
Table 5 MDM test results under three loss functions
MSE MAE MAPE
1 WTI
SVR —4,0761* —17.2690*** —24. 0646
ELM —1.6708* —5.5537° —5.6114%
MLP —1.7404% —2.5251 —2.8121*
LSTM —2.0428™* —3. 5847 —8.9271*
ELMAN —4.,9478* —13.6973™ —23.07697
VMD-SVR —9.1154* —11. 74347 —14. 05347
VMD-ELLM —2. 2544 —8. 6496 —9.9061***
VMD-MLP —10. 3458 —15. 1426™ —24,17527
VMD-LSTM —1. 3402 —1.1887 2.0417*
VMD-ELMAN —38.2220%** —34.23087* —58. 1455
2
SVR —10. 32197 —14. 97657 —14.9219™
ELM —7.8009"" —13. 8197 —13. 8155
MLP —6. 3767 —8.3868** —8.4739**
LSTM —6.1616™* —8.5251" —8.7000*"*
ELMAN —6.2918" —8.0746™" —8.0967*"
VMD-SVR —12. 42127 —21. 0627 —20. 46557
VMD-ELM —4,9350™* —6. 4440 —6.5733™"
VMD-MLP —1.3508** —3.2509"" —2.9478*
VMD-LSTM —1.1953*** —1.2200* —1.1759*
VMD-ELMAN —0.7191** —1.1493™ —0. 8837
O 10%.5%,1% ; 9:1,
6
Table 6 Linear regression results for the different models
WTI
R? a b R? a b

SVR 0. 9546 0. 8437 12. 6730 0.7665 0.7752 92.3910
ELM 0.9528 0.9676 2.7370 0.7442 0. 5880 180. 1600
MLP 0.9198 0. 9804 1. 6150 0. 8383 8853 49.5900
LSTM 0.9439 0.9301 1. 8600 0. 8244 0.7955 91.0620
ELMAN 0. 9430 1. 0919 —1.0359 0. 8378 0.8953 44,2470

VMD-SVR 0.9930 0. 8188 11. 2400 0.9610 0. 8330 63. 9400

VMD-ELM 0.9794 0.9916 1. 9289 0. 8961 0.6891 141. 5900

VMD-MLP 0. 8353 0.6263 20. 5070 0. 9949 1. 0008 —2. 8647

VMD-LSTM 0.9947 0.9771 0. 3462 0.9945 0.9392 25.3990

VMD-ELMAN 0.9814 0. 8997 0.5514 0. 9887 0.9042 43. 4560

MODEL A 0.9979 0.9803 0.0162 0.9949 0. 9389 25.5500

:MODEL A VMD-LSTM-ELMAN ; 9:1,

’

VMD-LSTM-ELMAN
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Fig.7 Comparison of the prediction results from different models
24 o ,
VMD-LSTM-ELMAN
, 60% . 40% . 7 .
B WTI MSE, MAE MAPE
: s 3.104 1,1.470 5 0.025 6,
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Table 7 Forecasting evaluation results of crude oil prices under three loss functions
WTI
R? a b R? a b
SVR 22.0775 3.9816 0.0834 233.1061 13.1645 0.0381
ELM 7.5496 1.9763 0.0366 211. 8526 11. 9897 0.0377
MLP 111. 0032 6.0020 0. 0898 82.3177 6.9536 0.0205
LSTM 6.1025 1.7434 0.0346 322.7081 15.7782 0.0498
ELMAN 16. 5315 2.8990 0.0472 93.2733 7.6332 0.0225
VMD-SVR 14.9853 2.9876 0.0547 301. 7507 14. 4635 0.0484
VMD-ELM 8.6994 2.5529 0. 0456 109. 4487 8.6792 0.0272
VMD-MLP 134. 2910 9. 5805 0.1623 82.5792 8.1742 0.0252
VMD-LSTM 3.5375 1. 6091 0. 0286 52.8363 6.9152 0.0198
VMD-ELMAN 33.5395 5.5185 0.0978 86.6116 7.4917 0.0251
MODEL A 3.1041 1. 4705 0.0256 51.1667 6.7924 0.0194
: MODEL A VMD-LSTM-ELMAN ; 6:4,
MDM 8 . 28 1%
WTI . 1% . VMD-

; ,30 LSTM-ELMAN .
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Table 8 MDM test results under three loss functions
MSE MAE MAPE
1 WTI
SVR —9. 5466 —36.2691*** —45.0591"
ELM —3.0191** —10.9645*** —12.94187*
MLP —19. 8438™* —20. 6543™ —25. 1442
LSTM —2.0129** —6.2607** —7.2165"*
ELMAN —9.2494* —15. 3490*** —25. 72967
VMD-SVR —24.9753™ — 24,6028 —28.5610™*
VMD-ELM —9. 4642 —31. 2994 —36. 39257
VMD-MLP —41.0746™ —61.7939™ —59. 40827
VMD-LSTM —21.6308™ —27.8065™ —38. 9597
VMD-ELMAN —71.8211*** —79. 1478 —93. 87057
2
SVR —13. 3046 —15. 7306 —15.6318™
ELM —10. 3837*** —10. 8837*** —10. 5506
MLP —4,1143™ —1. 0806 —0.4873
LSTM —14.93297* —17.0657"* —17.8916™**
ELMAN —5.8603* —3.1270* —2.4990**
VMD-SVR —13. 8954 —13.3976™ —12.9495™
VMD-ELM —8.1959* —7.0348* —5.2681*
VMD-MLP — 6. 5833 %% —5.9020%"* 4. 8226*
VMD-LSTM —11.0691* —13.5565™ —12.9341™
VMD-ELMAN —5.4000*** —4, 4904 —1.8379**
R 10%.5%,1% ; 6:4,
9 o 0.995 7 0.999 4, 1,
,WTI a VMD-LSTM-ELMAN
. 966 3 0.982 1, 1; b s
2.9980 —0.5087, 0;R? o
9
Table 9 Linear regression results of the different models
WTI
R? a b R? a b
SVR 0. 9900 0.9146 9.1208 0. 9837 0.9734 —2.3736
ELM 0. 9879 0.9220 5. 4450 0. 9820 0.9111 39. 9940
MLP 0. 8475 0.5741 23.1710 0. 9865 1.0070 —3.4069
LSTM 0. 9907 0.9436 4,5043 0. 9870 1. 0651 —37.4180
ELMAN 0. 9880 1.1185 —5.2256 0. 9845 0. 9642 13.2130
VMD-SVR 0.9978 0.8173 11. 3130 0.9958 0. 8100 75.4230
VMD-ELM 0. 9906 0. 9084 6.9015 0.9901 1. 0692 —28.1220
VMD-MLP 0. 8720 1.1029 —13. 5640 0.9948 0.9011 35.4520
VMD-LSTM 0. 9957 0. 9660 3.2136 0. 9994 0. 9820 —0.5782
VMD-ELMAN 0. 9906 1. 0035 5.2365 0.9968 0. 9031 38. 0800
MODEL A 0.9957 0.9663 2.9980 0.9994 0.9821 —0.5087
:MODEL A VMD-LSTM-ELMAN ; 6:4,
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. Brent R MDM 10
, o Brent , 30
Brent . 27 1%
WTI , , VMD-LSTM-ELMAN
VMD-LSTM-ELMAN ,
. VMD-LSTM-ELMAN
, WTI ,
10 MDM (Brent )
Table 10 MDM test results under three loss functions (Brent crude oil)
MSE MAE MAPE
SVR —23.7806™* —53.2575% —32. 38317
ELM —9. 1217 —21.7375% —16.6403™**
MLP —9.0921* —19.4193*** —15.2183**
LSTM —5.7815™" —14. 3739 —10. 5855
ELMAN —11.0951** —23. 0404 —18.6159*
VMD-SVR —19. 50697 —29.0288*** —21.9111%*
VMD-ELLM —11.3513™* —21.27777 —13. 44647
VMD-MLP —17.2798* —21. 26957 —20. 0055***
VMD-LSTM —1.1600 —0.3212 —0. 6987
VMD-ELMAN —11.3513™* —21.27777 —13. 44647
Sk, kK, KRk 10%.5%.1%
s 2.000 1) (0.023 2,0.004 4),WTI
s R? 0.997 9
o 0.994 9, ,
, VMD-LSTM-ELMAN R? 1, VMD-LSTM-EL-
) MAN . (2)
. WTI a b
(0.980 3,0.016 2) (0.938 9,25.550 0),
3 1 0,
) . (3 MDM
) VMD-LSTM-ELMAN
; 1% ; VMD-
) LSTM-ELMAN
WTI o ,
: (1) VMD-LSTM-ELMAN
, VMD-LSTM-ELMAN WTI , VMD-LSTM-ELMAN
MSE, MAE
MAPE (1.513 6,6.841 2),(1.513 6, ,
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