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Human activity recognition based on
improved particle swarm optimization-support vector machine and context-awareness
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2. Institute of Information Technology, Handan University, Handan Hebei 056005, China)

Abstract: Concerning the problem of low accuracy of human activity recognition, a recognition method combining
Support Vector Machine (SVM) with context-awareness (actual logic or statistical model of human motion state transition)
was proposed to identify six types of human activities (walking, going upstairs, going downstairs, sitting, standing, lying).
Logical relationships existing between human activity samples were used by the method. Firstly, the SVM model was
optimized by using the Improved Particle Swarm Optimization (IPSO) algorithm. Then, the optimized SVM was used to
classify the human activities. Finally, the context-awareness was used to correct the error recognition results. Experimental
results show that the classification accuracy of the proposed method reaches 94. 2% on the Human Activity Recognition Using
Smartphones (HARUS) dataset of University of California, Irvine (UCI) , which is higher than that of traditional
classification method based on pattern recognition.
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