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Overview of Image Multi label Classification
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[Abstract] Multi label image classification is an important research direction in the field of computer vision. Its
goal is to classify images containing multiple objects simultaneously and accurately identify each category. In the
past, when classifying images, a single object was usually selected as its label. However, considering that in real
life, an image often has multiple objects, multi label image classification has also received increasing attention.
Therefore, research and analyze multi label image classification methods in traditional machine learning and deep

learning. At the same time, we look forward to future work on multi label images, hoping to play a certain role

in promoting the development and progress of multi label image classification problems.
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