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A DCNN method for human activity recognition based on feature fusion

Wang Jinjia, Yang Zhongyu
(School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
Abstract

An activity recognition model, with its input being the multi-channel time series signals obtained by wearable
sensors and output being a predefined activity, was studied. It was pointed that extracting effective features from ac-
tivity is a key in activity recognition. Most of the existing work relies on manual extraction of the features and the
shallow learning structure, which makes the work complex and the recognition unaccurate. However, the convolu-
tional neural network (CNN) based on deep learning does not manually extract the time series signals, but auto-
matically learns the best feature. At present, using convolutional neural network to process limited labeled data still
has the overfitting problem. Therefore, a systematic feature learning method based on fusion characteristics was
presented for activity recognition. The method uses the ImageNet16 to pre-train the original data set to fuse the ob-
tained data with the original data, and puts the fused data and the corresponding tag into a supervised depth convo-
lutional neural network (DCNN) to train the new system. In this system, the characteristics of learning and classi-
fication are mutually reinforcing, which can not only deal with the problem of limited data from end to end, but also
make the learning more discriminative. Compared with other methods, the overall accuracy of the proposed method
is increased from 87% to 87.4%.

Key words: fusion feature, multichannel time sequence, deep convolutional neural network (DCNN) , activi-

ty recognition
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