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Abstract Thanks to widely-spreaded smartphones, we can easily acquire the sensor data of our daily activities.
To implement an accurate activity recognition, machine learnning can be a effective way. In this paper, we introduce
our method proposed in a competition called SHL Recognition Challenge. We also discuss what is a key to higher
accuracy, including the result of the competition. Proposed method uses a rule-based post-processing on the result
of random forest classifier to generate consistent result. Proposed method showed F1 score of 0.852 and became
seventh place among 19 teams.
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Table 3 Features which are input to random forest
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Fig.1 Overview of data processing
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Table 5 Confusion matrix before applying the post-processing
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Table 6 Confusion matrix after applying the post-processing
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Table 7 Confusion matrix on test data (from [10])
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Table 8 Duration of each activity class in test data
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