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ABSTRACT

The application of motion sensor is flourishing in recent years, especially in the fields of life
recording, fitness tracking and health monitoring. These applications depend on embedded
motion sensors in smart phone to record human behavior. Although recent research has made
great progress, human activity recognition (HAR) is still a challenging task because of the high
variability. Artificial feature is the traditional way to solve the recognition problems. Recent
researches have used deep convolutional neural networks to extract features, but human activity
is composed of complex time series. It is better to extract temporal dynamic feature that can
improve the accuracy of recognition. This paper introduces the attention model for the human
activity recognition. We use attention model(Transformer Encoder) to the state-of-the-art deep

learning HAR model ( DeepConvLSTM ) and evaluate the model on benchmark datasets. The

research results show that compared with other state-of-the-art methods, the recognition

accuracy can be improved to 84.7%.
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