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Abstract: Compared with traditional object detection algorithms, object detection algorithm based on deep
learning is more robust to complex scenes, and is currently a hot research direction. Itis divided into two-stage
detection algorithm and one-stage detection algorithm according to the process characteristics of the object
detection algorithm based on deep learning. The problems solved by some of the classic algorithms and their
advantages and disadvantages are introduced. Its application in the industry is sorted out The remaining
problems are discussed, and the possible future development trends are fiirther prospected.
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