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ABSTRACT

Since the spread of smart phones, interest in wearable devices has increased and diversified, and is closely related to
the lives of users, and has been used as a method for providing personalized services. In this paper, we propose a method
to detect the user's behavior by applying information from a 3-axis acceleration sensor and a 3-axis gyro sensor embedded
in a smartphone to a convolutional neural network. Human behavior differs according to the size and range of motion,
starting and ending time, including the duration of the signal data constituting the motion. Therefore, there is a
performance problem for accuracy when applied to a convolutional neural network as it is. Therefore, we proposed a
Time-Division Feature Fusion Convolutional Neural Network (TDFFCNN) that learns the characteristics of the sensor data
segmented over time. The proposed method outperformed other classifiers such as SVM, IBk, convolutional neural
network, and long-term memory circulatory neural network.
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Fig. 2 Overall structure of Time-Division Feature Fusion Convolutional Neural Network
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Fig. 3 Sensor data for standing, sitting, lying, walking,
walking down stairs and walking up stairs
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Algorithm 1 Time-division layer
Input: input layer X, division rate K
Output: Result (array of cropped input data)

1: function TIME DIVISION(X, K, N)

2 Result + list( )

3 Shape + data size of X

4: for i «+ 0 to K do

5 Pool « 2°

6 Filter « |Shape » &'

7 end for

8: for i + 0 to K do

9: for n « 0 to Pool[i] do
10: 1+ n x Filter[i]

11 Y2« n x Filter[i] + Filter[i]
12 Padding, + |0 — |

13: Padding, + |Shape — ys|

14: Cropped|y, : Padding,] « 0
15: Cropped|yy : y2] + X[y1 1 y2]
16: Cropped|ys : Padding,] < 0
17: Result + Cropped

18: end for

19: end for
20: return Resull

21: end function

Fig. 4 Algorithm for splitting input data over time in a
time division layer
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Fig. 5 Results of Time division layers
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Fig. 6 Structure of Feature Fusion Classifier
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[4]. Z+ZF Multi Class SVM (MC-SVM)[5], Lazy IBk
Classifier (IBk)[6], Convolutional Neural Networks
(Convnet)[8], DCNN+[9], 3+ A& 1D CNNJ[10], At
sk o] B Autolch
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=
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[}
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Table. 1 Performance comparison with other classification
algorithms

Algorithm Accuracy
MC-SVM [5] 96.37%
1Bk [6] 92.98%
Convnet [8] 95.75%
DCNN+ [9] 97.59%
1D CNN [10] 97.62%
TDFFCNN 98.26( = 0.55)%
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