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Simultaneous Motion Recognition Framework using
Data Augmentation based on Muscle Activation Model

AAA AR @7
Sejin Kim!, Wan Kyun ChungJr

Abstract: Simultaneous motion is essential in the activities of daily living (ADL). For motion
intention recognition, surface electromyogram (SEMG) and corresponding motion label is necessary.
However, this process is time-consuming and it may increase the burden of the user. Therefore, we
propose a simultaneous motion recognition framework using data augmentation based on muscle
activation model. The model consists of multiple point sources to be optimized while the number of
point sources and their initial parameters are automatically determined. From the experimental results,
it is shown that the framework has generated the data which are similar to the real one. This aspect is
quantified with the following two metrics: structural similarity index measure (SSIM) and mean
squared error (MSE). Furthermore, with k-nearest neighbor (k-NN) or support vector machine (SVM),
the classification accuracy is also enhanced with the proposed framework. From these results, it can be
concluded that the generalization property of the training data is enhanced and the classification
accuracy is increased accordingly. We expect that this framework reduces the burden of the user from

the excessive and time-consuming data acquisition.
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[Fig. 1] (a) Schematic illustration of muscle activation model.
The muscle activation model defines the relationship between
point source and arbitrary electrode. (b) cross-sectional view of
muscle activation modei . Unit vector from the center to the point
source is denoted as e . (c) Top view of muscle activation
model. Unit vectors parallel and orthogonal to the direction of
point source are denoted as e |, and e | respectively
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Local maxima integration

Local
maxima
detection

Overlapped local
maxima map

. p - )

[Fig. 2] Determination process of the number of point sources
and initial parameters. After the local maxima detection, these
are overlapped while the adjacent maxima within the distance of

/2 d are integrated. The number of point sources is determined
as that of integrated local maxima. The azimuthal angle and z
coordinate are initialized by reflecting the position of integrated
maxima
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Hand Close (M,)

Wrist Flexion (M;)

Hand Close (M;) +
Wrist Flexion (M)

Dg = [DM1 DMZ]
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1 Mean
f Gaussian
Optimization Ha Sampling
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arg min||Dsa - yl3 o2 Ny 02)
h Variance
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Synthetic data

[Fig. 3] Data augmentation with muscle activation model. From
the given SEMG from simultaneous motions and corresponding
point source activation map, activation is optimized to minimize
the difference between real and reconstructed data. Mean and
variance of activations are calculated thereafter and synthetic
data are generated by the Gaussian sampling with the corres-
ponding parameters
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[Fig. 4] (a) Real data from the base motion of hand close (HC).

(b) Point source muscle activation map extracted from the real

data. Local maxima of real data are each represented with the

point source
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[Fig. 5] Visualization of the position and direction of point
sources from every base motion. The meaning of each symbol is
denoted at the top of the figure. Note that the amplitude of point
source activation is represented by the width of source
orientation
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[Fig. 6] Examples of real and reconstructed sSEMG from every
base motion. The left and right image show the real and
reconstructed sEMG respectively. The structural similarity
index measure (SSIM) and mean square error (MSE) in each
case are denoted under the images
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[Fig. 7] Examples of real and reconstructed SEMG from every
simultaneous motion. The left and right image show the real and
reconstructed SEMG respectively. The structural similarity
index measure (SSIM) and mean square error (MSE) in each
case are denoted under the images
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EJ7F A= A=A ERls] $18, 7 A9
ofu] x| & gkl &) ’ kTt [Fig. 9] o] &o] A 5h= 24 ]
olE], &¢5ol] AFE-E| A @ A4 HlolE, e ar B =Fo)l A

Algreh= dlold T2 i2le F8l A H tloH & HofFaL

dlolel s

1. [Fig, 915 F3) S50l ALE17] 9= A14] Blo]efoli=
S)r0ll ALg¥1= 204 Hlol ol 4] 1olx) o= sflo] LhehLh
=712 o 5= g, A E Holeel A olelat shrle] 54
S1L 968 o 4 e S50l AHEE ] ek A elolEel
A b, Skl vl AL T 2R dolE o) vl
RS ol AT B A Hlo|EE 77} Wk,



210 =353 =52 4198 A2 (2024. 6)

—Without data augmentation
——With data augmentation - 25%
50 —With data augmentation - 50%
With data augmentation - 75%
—With data augmentation - 100%
T T T T

Classification accuracy [%]

40 . . . . .
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Rate of labelled simultaneous motion data

(a)

100

©
o

80

70

Classification accuracy [%]

60 —Without data augmentation H
——With data augmentation - 25%
50 —With data augmentation - 50% ||

With data augmentation - 75%
—With data augmentation - 100%
T T T T

40 L L L L L
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Rate of labelled simultaneous motion data

(b)

[Fig. 10] Classification accuracy of (a) k-nearest neighbor
(k-NN) and (b) support vector machine (SVM) with and without
data augmentation. For the cases with data augmentation, the
number of the augmented data is set to 25%, 50%, 75% and
100% of that of base motion respectively
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