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Abstract In today’s life, the image resource is almost ubiquitous. An ocean of images make people overwhelmed. How
to query, retrieve and organize these image information quickly and effectively is an urgent hot issue. The automatic ima-
ge annotation is the key of text-based image retrieval solutional. A multi-label image annotation system based on a well-
known deep learning model, convolutional neural network, was proposed in this paper, together with a multi-label loss
ranking function to complete, the training and testing of multi-label image dataset. In the experiments, firstly, CIFAR-10
dataset were selected to test the effectiveness of the algorithm,and then quantitative test comparsion was conducted on
multi~label image dataset Corel 5k. The proposed solution shows superior performance over the conventional algorithm.
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