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Abstract Recognizing finger movements have been used as a intuitive way of human-computer
interaction. In this study, we implement an wearable device for finger motion recognition and
evaluate the accuracy of several ML (Machine learning) techniques. Not only HMM (Hidden markov
model) and DTW (Dynamic time warping) techniques that have been traditionally used as time
series data analysis, but also NN (Neural network) technique are applied to compare and analyze the
accuracy of each technique. In order to minimize the computational requirement, we also apply the
pre—processing to each ML techniques. Our extensive evaluations demonstrate that the NN-based
gesture recognition system achieves 99.1% recognition accuracy while the HMM and DTW achieve
96.6% and 95.9% recognition accuracy, respectively.

Keywords: Gesture recognition, Flex (bend) sensor, Neural network, HMM, DTW, Time series
classification (TSC)
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Table 2 Performance of HVIM, DTW, AND NN

Accuracy (%)

Gesture HMM  DBA-DTW NN
A 99 94 99
B 100 99 100
C 90 90 99
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Average 96.6 95.9 99.1
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Table 4 Performance by ML Techniques

ML techniques HMM DTW NN

# of Parameters 1,925 420 1,367
Accuracy(%) 96.6 95.9 99.1
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