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On-line sEMG Hand Gesture Recognition Based on Incremental Adaptive Learning
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Abstract Due to the individual difference of surface electromyography (sEMG), an individual person always needs
long-time pre-training for obtaining his own accurate classification model when using SEMG as control source of exter-
nal equipment. For solving this problem,on the basis of the original KKT-SVM incremental learning method,a new
SVM incremental learning algorithm (D-ISVM) based on DBSCAN density clustering was proposed and it was applied
in the on-line sSEMG hand gesture recognition. Firstly,considering that the new samples and initial non-SV samples can
affect new SV set, the closeness of sample distribution is analyzed and clustered according to DBSCAN, and the new
samples and initial non-SV samples which are close to initial SV set are selected. Then, these samples are further selec-
ted based on core point and distance between samples and hyperplane. Finally,all selected samples and initial SV set are
trained together to obtain new SV set. The experimental results show that,compared with general algorithms,the pro-
posed D-ISVM incremental learning algorithm can achieve higher classification accuracy and further improve the
learning speed of classification model. This method can effectively solve the individual difference problem during the on-
line sEMG hand gesture recognition.

Keywords Incremental learning, SVM,sEMG, Hand gesture recognition
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Fig.1 Transformation of initial SV set and new SV set
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Table 1  Classification accuracies of different algorithms
(AL %)
¥3 K% SVM  Batch ISVM  KKT-ISVM D-SVM
1 68. 30 70.45 67.35 69.32
2 70. 34 75.34 72.39 75.29
3 71.35 78.23 80. 21 83. 36
4 67.29 82.04 86. 34 87.34
5 72.44 85.42 87.23 94.43
6 74.29 84.61 92.26 92.34
7 70.92 88. 28 91.33 92.23
8 66. 25 80.52 88. 34 93.9
9 72.59 82.48 84. 04 89.45
10 69. 34 87.43 90. 82 94. 22
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Table 2 Training time and highest classification accuracy reaching

time of different algorithms

K ¥  Batch-ISVM  KKT-ISVM D-ISVM
1 26. 64 23.74 23. 46
2 25.98 24,25 24. 65
3 26. 34 21.97 25. 82
4 27.89 22.65 23. 14
5 5 26.98 23.81 23. 24
yﬂﬂ‘ﬂ/s 6 26. 82 23. 64 22. 64
25.42 22. 87 21.55
8 25.91 21.13 23.93
9 27.74 23.82 24.03
10 26. 88 21.89 22,04
I3 26. 66 22.98 23.45
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