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Table 1 Parameters composition of dataset
5 T X2 X3 Ty X5 T X Xy Ly T 10 Y1 Y2
No. (cm) (°Bx) Q) [QeD) (kPa) (— kPa) (°Bx) Q) %) %) (em) (°Bx)
1 30. 24 80. 00 55. 06 110. 59 31.75 83. 05 59. 83 55.81 16. 00 45. 00 0.01 0.39
2 30. 24 80. 39 54. 85 110. 16 30.32 83.06 59. 88 55.71 16. 00 45. 00 -0.11  -0.06
3 30. 13 80. 33 54. 60 110. 04 29.32 83.03 59. 96 56. 16 16. 00 45.00 0.12 0.21
4 30. 25 80. 54 54. 36 110. 97 28.39 83.03 60. 00 56.16 16. 00 45. 00 0.29 -0.12
5 30. 54 80. 42 54.12 110. 39 30. 53 83. 02 60.12 55. 83 16. 00 45. 00 —-0.06 0.25
6 30. 49 80. 67 54.11 110. 07 30. 46 83.02 59.99 55.98 16. 00 45. 00 0.14 0.21
7 30. 63 80. 88 54. 06 109. 64 28. 69 83. 04 60. 00 56. 14 16. 00 45.00 -0.35 -0.13
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8 30. 28 80. 75 53.97 109. 27 28.25 83.07 60. 03 56. 17 16. 00 45.00 0.19 0.09
9 30. 47 80. 84 53.93 109. 15 31.29 83.05 60. 04 56. 00 16. 00 45. 00 0. 20 0. 06
10 30. 67 80. 90 53.85 109. 00 29.05 83.08 60. 04 56. 08 16. 00 45.00 -0.18 0.05

367 59.98 93.13 61.29 109. 38 33.38 85.33 60. 44 66. 73 10. 00 15. 00 0.17 0.05
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Research of Adaptive Control for Sucrose Crystallization Based
on Kernel Extreme Learning Machine

WU Jianfan, MENG Yanmei, LIU Hongyao

(College of Mechanical Engineering, Guangxi University. Nanning . Guangxi,530004,China)

Abstract:In order to solve a difficulty of automatic control of sucrose crystallization process,an adaptive con-
trol method based on a predictive model was proposed. Basis on the gradual concentration and rise method of
sucrose crystallization process,the prediction model of massecuite level and brix was established by kernel ex-
treme learning machine. Taking the predictive process deviation as a fitness function, the particle swarm opti-
mization algorithm is used to optimize the opening of steam valve and feed valve online and automatically ad-
just the valve to track the ideal process curve. The results showed that compared with a manual sucrose crys-
tallization process,the process of adaptive control was more stable and closer to the ideal process curve,and
the time to reach the unloading massecuite level and brix was reduced by 7. 06%. The adaptive control meth-
od of sucrose crystallization based on kernel extreme learning machine is feasible, which can provide a theo-
retical reference for further realization of the automatic control of industrial sucrose crystallization.

Key words: sucrose crystallization, adaptive control, process curve, kernel extreme learning machine, particle
swarm optimization
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