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Fuzzy Grey Cognitive Networks Modeling and Its Application

CHEN Ning' PENG Jun-Jie' WANG Lei* GUO Yu-Qian* GUI Wei-Hua'

Abstract For nonlinear systems with uncertainty, a method of nonlinear system modeling based on fuzzy grey cognitive
networks (FGCN) is proposed. By combining fuzzy cognitive networks modeling method and grey system theory, the state
value of fuzzy cognitive networks (FCN) node is extended to grey interval. The concept of grey level is introduced to judge
the accuracy of the results. This method has the advantages of fuzzy cognitive networks graphical representation and
the features of grey system theory that are effective and reliable in the scene of small data, poor information. Moreover,
nonlinear Hebbian learning (NHL) with terminal constraint is adopted to identify the system parameters. In the process of
weights learning, the algorithm introduces the actual value of the node in the system and increases the difference between
measured values and predicted values to amend the weights on the basis of the original update mechanism, then the final
value iteration formula is obtained after normalization. The proposed modeling method and the weight learning method
are verified in the water tank control system. The algorithm has the advantages of fast convergence rate and accurate
study results, and overcomes the traditional shortcoming of nonlinear Hebbian learning, i. e., strong dependence of initial

value. Simulation results illustrate the applicability of the FGCN and the algorithm to model uncertain systems.
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Table 1 Simulation results trained by NHL
MR A FGCN ##A (JKFERE) . FGCN ## (JKEARRE) .
IKEFRAHE QA KEE p(®A:) HikfE A, KOFaSE A, K p(RA;) HAME A
1 [0.728, 0.728] 0 0.728 [0.7279, 0.7280] 0.0001 0.72795
2 [0.6663, 0.6663] 0 0.6663 [0.6662, 0.6663] 0.0001 0.66625
3 [0.7523, 0.7523] 0 0.7523 [0.7522, 0.7523] 0.0001 0.75225
4 [0.6608, 0.6608] 0 0.6608 [0.6608, 0.6609] 0.0001 0.66085
5 [0.799, 0.799] 0 0.799 [0.7989, 0.7991] 0.0002 0.799
6 [0.835, 0.835] 0 0.835 [0.8349, 0.8351] 0.0002 0.835
7 [0.7826, 0.7826] 0 0.7826 [0.7826. 0.7827] 0.0001 0.75265
8 [0.6399, 0.6399] 0 0.6399 [0.6397, 0.6399] 0.0002 0.6398
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Table 2 Simulation results trained by NHL with terminal constraints
i ED FGON BB (JREEHZE) FGCN B4 (JKEEARRE)
TR QA K (@A) Il A RS A KIE (@A) FiLf A,
1 [0.73, 0.73] 0 0.73 [0.7300, 0.7301] 0 0.73005
2 [0.67, 0.67] 0 0.67 [0.6700, 0.6701] 0.0001 0.67005
3 [0.75, 0.75] 0 0.75 [0.7500, 0.7500] 0.0001 0.75005
4 [0.66, 0.66] 0 0.66 [0.6599, 0.6600] 0.0001 0.65995
5 [0.80, 0.80] 0 0.8 [0.8000, 0.8001] 0.0001 0.80005
6 (0.8304, 0.8304] 0 0.8304 [0.8304, 0.8305] 0.0001 0.83045
7 [0.7799, 0.7799] 0 0.7799 [0.7798, 0.7799] 0.0001 0.77985
8 [0.6290, 0.6290] 0 0.629 [0.6290, 0.6291] 0.0001 0.62905
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