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Adaptive sSEMG Pattern Recognition Algorithm using
Principal Component Analysis
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Sejin Kim', Wan Kyun Chung’

Abstract: Pattern recognition for surface electromyogram (SEMG) suffers from its nonstationary and
stochastic property. Although it can be relieved by acquiring new training data, it is not only time-
consuming and burdensome process but also hard to set the standard when the data acquisition
should be held. Therefore, we propose an adaptive SEMG pattern recognition algorithm using
principal component analysis. The proposed algorithm finds the relationship between SEMG
channels and extracts the optimal principal component. Based on the relative distance, the proposed
algorithm determines whether to update the existing patterns or to register the new pattern. From the
experimental result, it is shown that multiple patterns are generated from the SEMG data stream and
they are highly related to the motion. Furthermore, the proposed algorithm has shown higher
classification accuracy than k-nearest neighbor (k-NN) and support vector machine (SVM). We
expect that the proposed algorithm is utilized for adaptive and long-lasting pattern recognition.
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[Fig. 1] (a) The placement of SEMG sensors on forearm. Total 7
sensors are attached around the forearm circumference with equal
distance while the first sensor is attached on the muscle belly of
the extensor carpi radialis. (b) Target motions. (From top left to
bottom right) wrist flexion (WF), wrist extension (WE), radial
deviation (RD), ulnar deviation (UD), wrist pronation (WP),
wrist supination (WS), hand close (HC), and hand open (HO)
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[Fig. 2] Schematic diagram of the relative distance between
hyper-ellipsoid-shaped pattern and a sample when the sample is
located (a) outside the pattern, (b) at the boundary of the pattern,
and (c) within the pattern
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[Fig. 3] (a) Schematic diagram of existing pattern update. If the
measured SEMG is included in the existing pattern, then pattern
boundary and principal component are updated by reflecting the
data. (b) Schematic diagram of new pattern registration. If the
measured SEMG is not explainable by the existing pattern, then

the boundary and principal component of new pattern are set to
predefined parameters
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[Fig. 4] Schematic diagram of overall algorithm procedure. When new SEMG is measured, relative distance is calculated for every
existing pattern. If the minimum relative distance is larger than 1, then new pattern is registered. If the minimum relative distance is less
than or same as 1, the algorithm checks whether the number of data samples which belong to the pattern to be updated is larger than
L., If the conditions are satisfied, then the algorithm conducts the principal component analysis (PCA) and updates the principal

component, center, and length of axis
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