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Hierarchical Deep Belief Network for Activity
Recognition Using Smartphone Sensor

Hyunjin Lee'

ABSTRACT

Human activity recognition has been studied using various sensors and algorithms. Human activity
recognition can be divided into sensor based and vision based on the method. In this paper, we proposed
an activity recognition system using acceleration sensor and gyroscope sensor in smartphone among
sensor based methods. We used Deep Belief Network (DBN), which is one of the most popular deep
learning methods, to improve an accuracy of human activity recognition. DBN uses the entire input set
as a common input. However, because of the characteristics of different time window depending on the
type of human activity, the RBMs, which is a component of DBN, are configured hierarchically by
combining them from different time windows. As a result of applying to real data, The proposed human

activity recognition system showed stable precision.

Key words: Acceleration Sensor, Gyroscope Sensor, Human Activity Recognition, Deep Belief Network
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Table 1. Accuracy by learning rate

Le?:tl;ng Accuracy Le?;:lemg Accuracy
0.1 95.317 % 0.009 99.118 %
0.09 95.148 % 0.008 99.593 %
0.08 95.521 % 0.007 99.661 %
0.07 96.064 % 0.006 99.389 %
0.06 96.878 % 0.005 99.084 %
0.05 97.218 % 0.004 98.846 %
0.04 97.523 % 0.003 98.948 %
0.03 97.727 % 0.002 99.050 %
0.02 98914 % 0.001 98.914 %
0.01 98.982 %

8t & (Learning Rate)ol]l W& A¢etdl= B 2AE
olEel th3t AT Al AADe dFe] Wk
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Fig. 5. Human activity recognition precision of SVM, AdaBoost, IBk, Convnet and proposed DBN model,
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