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Abstract
and distributed information, which cannot process and describe fuzzy information. The inference processing of the fuzzy

The neural network simulates the human brain structure with the capabilities processing large-scale parallel

system is easy to understand, but it is difficult to realize the adaptive learning. If combining neural networks with fuzzy
systems, they can learn from each other. This paper proposes a novel dynamic fuzzy neural network (D-FNN) learning
algorithm. Because it has the advantages of simultaneous adjustment of structure and parameters and fast learning
speed, it can not only include low-level neural network learning and calculation functions in fuzzy logic systems, but also
provide the neural network with the high-level fuzzy logic system which is similar to human thinking and reasoning. In
addition, this paper also develops a biomedical engineering application algorithm program, which simulates the direct
inverse control case of the drug injection system. The simulating results show that D-FNN has many advantages such as

real-time learning, robust control ability, simultaneous parameter estimation and structure identification.
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