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Abstract

Video classification based on deep learning is an important direction of sports video research. Aim-
ing at the problem of low recognition rate of video event types, this paper proposes a football vid-
eo event classification method based on CNN-BiGRU network. It first uses the scene switching detec-
tion function of PySceneDetect tool to segment the complete football video, and builds a data set
containing five types of football events on this basis, then, through experimental comparisons,
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combine the current mainstream convolutional neural network VGG16 with BiGRU to construct a
classification model. The experimental results show that the combination of CNN and RNN solves the
problem of insufficient utilization of the time dimension of videos, more effectively integrates the
dynamic information of two dimensions of time and space in football videos, and achieves higher
accuracy and faster speed than traditional technologies. At present, the model has a maxi-mum rec-
ognition rate of 97.4% for a single event on the football video dataset.
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Figure 1. Flow chart of classification
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Figure 3. Network model graph of CNN-BiGRU
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Figure 5. Network structure of GRU
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Table 1. Datasources
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Figure 7. BiGRU layers and Dropout parameters
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