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Abstract

Activity recognition technology has got widely used in smart home, sports assessment, social con-
tact and other fields. This paper designs an activity recognition analysis and application system
based on convolution neural network. By analyzing the data of three-way accelerometer collected
in Android devices, the current activities of a user are identified. Experiments show that the accu-
racy of activity recognition meets the requirement of application. This paper calculates calorie
expenditure based on identified activities, and calculates calorie expenditure based on a user’s
specific activities according to time and weight for the corresponding activities in the corres-
ponding time, which helps to establish a healthy lifestyle.
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Figure 1. System network framework
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Figure 2. Message communication framework
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Figure 3. CNN model framework
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Figure 4. Line chart of model accuracy changing with training
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Figure 5. Line chart of loss function
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Figure 6. Activity consumption
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