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Abstract: Due to the continuous increase of wind power installation in recent years, how to measure the cog-
nition of wind power maintainers and how to train talents for integration of production and education has be-
come a big problem. In this paper, the fault diagnosis method is discussed based on the inter-turn fault
(STF) and the bearing fault (BRG) of the motor stator, which often occur in the variable propeller system.
On the basis of this, the cognitive measurement model of engineers and technicians is built by using Bayesian
theory, and the ability of fault handling and the proficiency of corresponding knowledge of engineers and
technicians are evaluated. Finally, the research results are applied to the cultivation of talents in the integra-
tion of industry and teaching, and the application of college teachers and interns in teaching, learning and
examination is discussed, which can effectively increase the employment advantage of college graduates and
increase the employment rate of colleges and universities.

Key words: pitch control system; Bayesian network; cognitive diagnosis;integration of production and teach-

ing; personnel training
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