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DSconv-LSTM: lightweight video action recognition model

for edge embedded devices
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(Guangxi Key Laboratory of Trusted Software, Guilin University Of  Electronic Technology, Guilin 541004,China)
Abstract: Edge computing provides an innovative construction paradigm for intelligent services
on edge embedded devices with Al techniques, which has been used to improve the intelligence of
IoT applications. Smart camera is one of representative intelligent edge products to be able to
provide video-processing services for smart home, intelligent transportation and intelligent
monitoring. Due to the resource constraint of cameras, some complex services, e.g., action
recognition, are hard to be hosted locally to complete the computational tasks timely and precisely.
In this paper, we design a lightweight model DSconv-LSTM based on depthwise separable
convolution long short term memory learning unit for recognizing human behaviors locally
through camera’s video streaming. The DSconv-LSTM uses depthwise separable convolution
operation to handle the spatio-temporal data of four gates in convolution LSTM learning unit
whereby complexity of recognition model is reduced greatly. Finally, two public video datasets of
human behavior are used to test the DSconv-LSTM. The experimental result shows that the
DSconv-LSTM improves the learning property on convergence, reduces the model size of action
recognition greatly, and shortens the interference time of action recognition.
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