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Abstract: Weed is one of the important factors that reduce crop yields, increase production costs and reduce econom—
ic gains. Traditional weed identification technology has low identification efficiency and is difficult to adapt to complex
environments. With the rapid development of artificial intelligence technology, especially deep convolutional neural
network , its application in weed identification has become more and more extensive ,and it has become the identifica—
tion method with the most development potential. Different from the review of the research status based on the classifi-
cation of weed identification methods, this paper reviews crops such as corn,economic crops such as vegetables, and
lawns from the perspective of the research object, and focuses the identification methods in the field of artificial intel—
ligence such as deep learning. Research includes but is not limited to image segmentation, weed preprocessing, detec—

tion, localization and classification. The literature review found that corn is the main research object among crops, and
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lettuce and sugar beet are among the commercial crops. Although the research on turfgrass started late, it has devel-

oped rapidly. In the weed identification of the above crops,the deep learning method has achieved higher than tradi—

tional identification methods. The accuracy and precision are more suitable for detection in complex environments.
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