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Soccer video object detection based on deep learning with attention mechanism
QI Miao, ZHENG Kaidong
('School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)

[ Abstract] Football has a wide audience and a huge market all over the world. Computer vision technology is used to detect the
objects in football game videos and automatically identify the positions of players and football, which can provide a good foundation
for further tracking task. It is of great help to broadcasting. This paper proposes a football video object detection scheme based on

neural network using the attention mechanism: by building a deep neural network using the attention mechanism and training on
football-related dataset, a more complete and accurate detection of the object is achieved and may help further tracking tasks.
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Tab. 1 Distribution of bounding boxes in the dataset

Bhox 52! B
Player 760 K
Ball 64 K
Goal 20 K
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Fig. 2 An example prediction result picture
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Tab. 2 Different bounding box scales

Method Small Medium Large All
DETR 29.6 63.4 75.8 65.1
BASELINE 30.2 63.1 75.4 64.8
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Tab. 3 Different object classes

Method mAP Player Ball Goal
DETR 65.0 60.1 61.2 73.3
BASELINE 64.7 59.9 61.4 72.9
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