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Abstract On-line real time diagnosis of bearing incipient faults is the intersection of practical engineer-
ing application requirements and basic scientific research. It is one of the development directions of bearing
fault diagnosis at home and abroad. Firstly, this study analyzes the bearing fault and its evolution process; sec-
ondly, according to the needs of bearing incipient fault diagnosis in time, the difficult problems of bearing incipi-
ent fault diagnosis are summarized; then, it focuses on the various technologies used in the three crucial links of

bearing early fault diagnosis: the weak monitoring signal enhancement technology, the fusion representation tech-

nology of monitoring parameters and the early fault intelligent diagnosis technology; finally, the development

trend of bearing incipient fault diagnosis technology is summarized and prospected.
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Fig. 1 Process of bearing fault diagnosis based on data drive
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