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Abstract With the increasing importance of contactless interfaces in fields such as the metaverse, virtual
reality (VR), and smart healthcare, hand gesture recognition technology has gained significant attention
for enabling intuitive human-computer interaction. This study proposes a hand gesture recognition
model based on Prototypical Networks that utilizes IMU sensor data collected from smartwatches. In
experiments classifying ten types of numeric gestures collected from 15 subjects, the proposed model
achieved an average accuracy of 86.20%. This study is expected to contribute to enhancing user
convenience and system practicality in fields requiring contactless interfaces, such as smart healthcare
and the metaverse, by enabling users to utilize personalized gestures without complex data collection

processes.
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[Fig. 1] Overall architecture of the proposed model
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[Fig. 2] Experimental setup for data collection:
(a) Hardware devices; (b) Vocabulary of
numeric hand gestures.
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{Table 1) Performance comparison of various backbones and learning methods

Method Backbone Left Hand Acc.(%) Right Hand Acc,(%) Avg. Acc.(%)
Traditional DTW 56.000.00 72.67+0.00 64.33+0.00
BiLSTM 356.40+2.12 44.80+2.29 40.10+1.74

Siamese Network 1D-CNN 36.43+2.96 48.27+3.19 42.20£2.36
TCN 34.47£3.10 46.67+2.88 40.57£2.09

BiLSTM 43.33+9.68 52.60£9.44 47.97+7.07

Prototypical Network 1D-CNN 83.20+2.10 87.67+1.96 86.43+1.12
TCN(Ours) 82.00£1.26 90.40+1.20 86.20+0.93
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[Fig. 3] Normalized confusion matrix of the
proposed model
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