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A cascaded hidden space fuzzy C-regression algorithm

and its application in multi-model modeling for the

fermentation process

LIU Huan, WANG Jun, DENG Zhaohong, WANG Shitong
(School of Digital Media, JiangNan University, WuXi 214122, China)

Abstract : The switching regression algorithm FCR is sensitive to noise data and outliers. The algorithm also has low

levels of capability for dealing with complex data. In order to handle these problems, an improved fuzzy C-regres-

sion algorithm is proposed based on cascaded hidden space. In our method, principal component analysis is com-

bined with extreme machine learning feature mapping and multilayer feedforward neural networks. The experimental

results show that our proposed method is more stable as regards noise data and outliers, and thus more suitable for

handling complex data and multi-model modeling problems for the fermentation process.

Keywords : hidden space feature mapping; extreme learning machine; principal component analysis; fuzzy C-re-

gression algorithm; multilayer neural network ; multi-model modeling.
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D
| Jsee 0.963 9+0.016 7 0.9853x0.006 8  0.962 1+0.014 1  0.969 6+0.010 4
Jrnse 0.386 1+0.058 3 0.193 5+0.028 3 0.158 1+0.018 9 0.146 7+0.008 6

D
2 Jsee 0.9253+0.0102  0.964 5£0.0054  0.975 8+0.0058  0.979 9+0.003 7
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Jrnse 0.711 8+0.076 7 0.145 8£0.021 3 0.154 5+0.021 4  0.144 7+0.017 4
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LTI/ s ELM 77 55 B4 Jrse “FEHE Jsee A
AL
HS-FCR CHS-FCR(f=5) HS-FCR CHS-FCR(f=5) HS-FCR CHS-FCR(f=5) HS-FCR  CHS-FCR(f=5)
62.136 8 1.370 0 500 500 0.122 7 0.231 8 0.984 2 0.960 6
D]
332.549 6 1.447 8 1 000 1 000 0.121 7 0.194 0 0.985 3 0.969 6
74.988 4 1.369 4 500 500 0.191 1 0.163 8 0.963 7 0.966 7
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