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Abstract: As to the unsatisfactory accuracy and long training
time in current predictive methods of energy consumption and
other performance criteria for sintering process, firstly,
based on summary of existing predictive methods, support
vector machine for regression (SVR) was introduced into
sintering production system, and two modeling modes were
proposed. Then, the general procedures of predictive
modeling based on SVR were given. After that, the proposed
method was verified in a scenario derived from a large-scale
iron and steel enterprise, compared with other predictive
methods like traditional multiple linear regression, BP neural
network, RBF network and extreme learning machine within

the same mode and between different modes. The result
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shows that SVR method can achieve satisfied predictive results
rapidly, which have advantages in prediction accuracy and

time efficiency over other methods.
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Tab.1 Comparison of testing results between MISO models
_ emean/ %6 emax/ % Enee R?/%

Hhtr LR BP_MISO SVR LR BP_MISO SVR LR BP_MISO SVR LR BP_MISO SVR
SEC 3.09 2. 88 1.54 10. 07 7.10 4, 68 0.0047 0.0029 0.0010 88. 30 69. 05 86. 86
RFP 1.34 2.29 1. 47 5. 09 7.75 2. 89 0.0152 0.0125 0.0031 48, 05 28. 66 57.22
DI 0. 30 0.51 0. 36 0. 65 1.10 1. 40 0.0373 0.0172 0.0148 24, 46 12,01 22,23
WTFe 0. 38 0. 27 0.18 0.94 0.72 0. 39 0.0231 0.0161 0.0054 1.41 7.56 5. 26
WFeO) 2. 00 3.17 1. 88 5.71 7.06 7.07 0.0422 0.0230 0.0153 0. 45 0.01 27.47
WSO, 1.42 1. 87 0. 80 4. 49 5. 28 1.58 0.0089 0.0357 0.004 6 31. 84 5.49 65. 66
WCa0) 1.42 2. 44 0.98 2.56 5.06 2.51 0.0219 0,0203 0.004 3 48, 22 4. 50 48, 00
WMgO 2. 81 2. 50 1. 75 7.42 4. 88 4.91 0.0058 0.0167 0.0103 19, 47 8.58 12.01
WAL, Oy 1.37 1. 84 1. 66 6. 27 4. 87 4.56 0.0016 0.0116 0.0114 44, 06 35.14 61. 91
ws 6. 97 8. 04 4,78 17. 27 25.10 18. 75 0.0010 0.0140 0.009 0 23.22 14, 84 58.07
R 1. 06 1,37 0.75 2. 60 6. 84 4,37 0.0006 0.0073 0.0033 61, 64 17,07 71.95
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Tab.2 Comparison of testing results between MIMO models
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ok BP_MIMO RBF ELM BP_MIMO RBF ELM BP_MIMO RBF ELM BP_MIMO RBF ELM
SEC 2.99 2,69 2.14 4. 99 5.90 4. 36 0,0023 0.0022 0.0016 76,40 66. 69 77. 27
RFP 1.56 1.51 1.17 3.62 3.58 3.30 0.0056 0.0040 0.0024 59,86 32,45 67. 85
DI 0.28 0.59 0.28 1. 07 1.77 0. 86 0.0090 0.0340 0.0168 5.11 1.61 5. 47
WTFe 0.24 0.29 0.24 0. 66 0.70 0.71 0.0121 0.0178 0.0126 2.51 28. 33 9.11
WFeO) 2,14 1. 49 2,77 6.31 3.82 5.24 0.0127 0.0055 0.0168  10.84 35. 96 7. 65
WSO, 1.52 2.23 1.08 4.26 5.05 2.15 0.0201 0.0395 0.0079 0.50 24, 44 41, 38
WCaO 1.14 1.57 1. 04 2.69 3. 49 3.15 0.0046 0.0085 0.0044 45,48 45, 94 48. 47
WMg) 1.95 2,63 2,63 3.24 7.34 5.02 0.0093 0.0204 0.0172 41,27 6.15 26. 14
WAL, O, 2.12 1.74 1.43 7.16 3.57 4,92 0.0199 0.0098 0.0095 37.42 71,94 71.18
ws 6. 76 8. 77 7.48 12. 24 22.35 17.58 0.0095 0.0193 0.0117 18.61 15. 96 24. 39
R 1. 96 1.14 1.53 5. 36 2.52 3.98 0.0092 0.0029 0.0064 15,87 23.37 17.73
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