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Training-Free sEMG Pattern Recognition Algorithm:
A Case Study of A Patient with Partial-Hand Amputation
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Abstract: Surface electromyogram (sEMG), which is a bio-electrical signal originated from action
potentials of nerves and muscle fibers activated by motor neurons, has been widely used for recognizing
motion intention of robotic prosthesis for amputees because it enables a device to be operated intuitively
by users without any artificial and additional work. In this paper, we propose a training-free unsupervised
SEMG pattern recognition algorithm. It is useful for the gesture recognition for the amputees from
whom we cannot achieve motion labels for the previous supervised pattern recognition algorithms.
Using the proposed algorithm, we can classify the sEMG signals for gesture recognition and the
calculated threshold probability value can be used as a sensitivity parameter for pattern registration. The
proposed algorithm was verified by a case study of a patient with partial-hand amputation.

Keuwords: Prosthesis, Pattern Recognition, Surface Electromyogram (SEMG), Unsupervised Learning,

Bayesian Probability
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I Iteration: k < k +1

True False
Updating
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Diffusion
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[Fig. 1] Block diagram of training-free algorithm with detailed
mathematical description
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[Fig. 2] Evaluation of analysis of classifiability using training-
free algorithm varying threshold probability
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[Fig. 3] Partially amputated hand and location of sEMG
electrodes. (a) Actual appearance of hand with electrodes
attached. (b) Locations and muscles where wireless SEMG
electrodes were attached. 1: flexor carpi ulnaris, 2: flexor
digitorum, 3: flexor pollicis, 4: extensor carpi group, 5: extensor
digitorum, and 6: extensor pollicis
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[Table 1] Movements conducted for classifiable analysis
Label Motion Remark

1 Rest, idle

2 Wrist flexion Limited

3 Wrist extension Limited

4 Full finger flexion Imaginary

5 Thumb and index flexion Imaginary

6 Index and middle flexion Imaginary

7 Full finger extension Imaginary

8 Thumb flexion Imaginary

9 Index flexion Imaginary

10 Middle flexion Limited

11 Ring flexion Limited

12 Little flexion Limited

13 Thumb extension Imaginary

14 Index extension Imaginary
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[Fig. 4] Collected sEMG data. (a) Motion 3: wrist extension, (b)
motion 9: index flexion, (c) motion 12: little flexion, and (d)
motion 13: thumb extension
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[Fig. 5] Information criterion to investigate number of SEMG
patterns of experimental dataset using Gaussian mixture model
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[Fig. 6] Confusion matrices for two cases: p* = (a) -30.0 and (b) -26.0
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