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Abstract Hand gesture recognition is an essential technology for the people who have difficulties using
spoken language to communicate. Electromyogram (EMG), which is often utilized for hand gesture
recognition, is expected to have difficulties in hand gesture recognition because its people's movements
varies depending on prior postures, but the study on this subject is rare. In this study, we conducted
tests to confirm if the prior postures affect on the accuracy of gesture recognition. Data were recorded
from 20 subjects with different prior postures. We achieved average accuracies of 89.6% and 52.65%
when the prior states between the training and test data were unique and different, respectively. The
accuracy was increased when both prior states were considered, which confirmed the need to consider

a variety of prior states in hand gesture recognition with EMG.
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[Fig. 3] EMG signals of hand gesture at each step
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(Table 1) Dataset configurations

Number of Target patterns
Dataset classes (Previous state)
Single previous state #1 3 smsiors _(paper)
(Single 1) roc (sm_ssors)
paper (scissors)
Single previous state #2 scissors {rock)
; 3 rock (paper)
(Single 2)
paper (rock)
scissors (paper)
scissors (rock)
Separated set 6 rock (scissors)
(Separated) rock (paper)
paper (scissors)
paper (rock)
Mixed set rocks (all)
- scissors (a
(Mixed) 3 : (all
papers (all)
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(Table 2> Recognition accuracy of hand gestures
according to train and test dataset pairs

Training set Test set Best Avg Worst
Single 1 Single 1 0.903 0.884 0.856
Single 2 Single 2 0.93 0.908 0.883
Single 1 Single 2 0.618 0.586 0.549
Single 2 Single 1 0.509 0.467 0.448
Separated Separated 0.807 0.793 0.769

Mixed Mixed 0.894 0.861 0.792
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(Table 3> Hand gesture recognition accuracy
according to normalization method

v N lizati
Experiments 0:?;;@ dlon Best Avg Worst
. Min—-Max 0.903 0.884 0.856
Single 1
Z-Score 0.922 0.893 0.836
) Min—-Max 0.93 0.908 0.883
Single 2
Z-Score 0.927 0.897 0.855
Min-Max 0.807 0.793 0.769
Separated
Z-Score 0.857 0.8 0.768
_ Min-Max 0.894 0.861 0.792
Mixed
Z-Score 0.886 0.871 0.86

(Table 4) Confusion matrix for the separated set of
six patterns. (R, S, P denote rock, scissors,
and paper respectively.) The confusions
with the identical posterior states are
highlighted in gray, and the confusion

with the identical prior states are
highlighted in yellow.
7
P S—P S—R P—R pP—S R—P R—S

S—P 97 12 1 7 3 0
S—R 4 103 9 0 1 3
P—R 1 14 82 22 0 1
P—S 1 2 11 104 0 2
R—P 18 3 3 1 87 8
R—S 0 5 1 5] 1 108

{Table 5) Confusion matrix for the mixed set of six

patterns.
Pred .
True scissors rock paper
scissors 224 12 4
rock 23 213 4
paper 19 14 207
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