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Preliminary study on the application of deep learning in automatic image annotation
WETI Junjie
(College of Computer, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] In recent years, with the continuous development of artificial intelligence deep learning, the field of computer vision
has gradually developed and expanded, and new research directions such as image retrieval and automatic image annotation have
emerged. The automatic image annotation technology, which was originally developed to support image retrieval, can cross the
“semantic gap” to a certain extent, allowing the computer to automatically add a textual description of the image content to the
image, thereby reducing the cost of manual labeling. As a new technology in the field of artificial intelligence, the complex neural
network structure of deep learning can quickly output results after learning image features. If applied to automatic image annotation,
deep learning will greatly save manual labeling time and reduce manual labeling cost. In order to explore the feasibility of deep
learning in automatic image annotation, the article will take the author’s photos of life as sample data, use deep convolutional neural
network and deep recurrent neural network for image processing, and output the text description of the image.
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Fig. 2 Deep recurrent neural network and its unfolded structure
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Tab. 1 Results of automatic image annotation

A fth

0) a man standing next to a stone wall.

1) a man standing next to a stone wall
next to a stone wall.
2) a man standing next to a stone wall

next to a wall.

0) a woman holding a teddy bear in her
arms.
1) a woman is holding a teddy bear in her
arms.
2) a woman holding a teddy bear in her

arms.

@
0) a woman holding an umbrella in front
of a store.
1) a woman holding a pink umbrella in
front of a building.
2) a woman holding a pink umbrella in
front of a store.

©)]
0) a young girl sitting on a wooden
bench.
1) a young girl sitting on a wooden
bench.
2) a woman sitting on a bench with a
book.
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