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Abstract; Object detection has always been a research hotspot in the field of computer vision. With the rapid development of deep

learning technology , the object detection model based on convolutional neural network is widely concerned. We mainly review the current

status of object detection models based on convolutional neural networks. First of all, we introduce the relevant basis of target detection,

especially the convolutional neural network structure commonly used in some object detection models, and also introduce the gradient
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descent training method commonly used in detection models. Then, we summarize the excellent models proposed in recent years from
=

region—based and region—free and compare the test results. The region—based models are distinguished with feature scales intelligently,
which shows that multi—scale features can effectively improve the accuracy of small-scale object detection. For each type of detection

model , we analyze the advantages and disadvantages of these models based on the results on the same data set. Finally, based on the
analysis results, some optimization schemes based on the convolutional neural network are proposed.
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