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Abstract; As an important research direction in the field of computer vision, human action feature recognition is widely
applied in real life. Its research methods can be divided into traditional methods and deep learning-based methods. Two-
stream convolutional network is taken as a classic deep learning-based network, which divides video sequences into temporal
and spatial features, providing researchers with a rich idea. From four aspects of two-stream networks: 3D convolutional
neural network (3D-CNN) -based, long short-term memory (LSTM) -fused, graph convolution-based, and introduction
of attention mechanism, this paper discusses the current research status of two-stream networks respectively, analyzes the
limitations of various methods, reviews key milestones in the development of two-stream networks, summarizes the advan-
tages, disadvantages. and application scenarios of different methods, presents commonly used datasets, offers an overview
of practical applications in human action feature recognition, identifies current challenges, and provides an prospect for fu-
ture research.
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