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Bio-signal Data Augumentation Technique for CNN based Human Activity
Recognition
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Abstract Securing large amounts of training data in deep leaming neural networks, including convolutional neural networks, is of
importance for avoiding overfitting phenomenon or for the excellent performance. However, securing labeled training data in deep
learning neural networks is very limited in reality. To overcome this, several augmentation methods have been proposed in the
literature to generate an additional large amount of training data through transformation or manipulation of the already acquired traing
data. However, unlike training data such as images and texts, it is barely to find an augmentation method in the literature that
additionally generates bio-signal training data for convolutional neural network based human activity recognition. Thus, this study
proposes a simple but effective augmentation method of bio-signal training data for convolutional neural network based human activity
recognition. The usefulness of the proposed augmentation method is validated by showing that human activity is recognized with high

accuracy by convolutional neural network trained with its augmented bio-signal training data.
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Table 1. Training data augmented at sampling frequency
of 512Hz, 256Hz, 1,28Hz, and 64Hz compared to

1,024Hz
Sampling training data augmented by
frequency, pl|9eneration rate, k| total data| size, /mxp
1,024Hz 1,024 [ 1,024 200 4x1,024
512Hz 1,024 /| 512 400 4x512
| 256Hz 1,024 | 256 800 4256 |
128Hz 1,024 /| 128 1,600 4x128
64Hz 1,024 | 64 3,200 Ax64
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Fig. 2. Proposed augmentation technique of bio-signal
training data for CNN based human activity recognition
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Fig. 4. Block diagram of CNN-based finger number
gesture recognition using SEMG signals

1
I
i
1
ication [l,{ ~——
]
1
1
1
I

1
| NN S

=} JJEZ 3 (Sparse categorical cross-entropy) ©|th.
TS o] Ut AN &4 e So|EF s HF
3} FgrEe offAdam)S AEatal, 0.0005¢ S5E
2 I £55 JHAESE SsIREFUTE £ dFeAE
CNN &<5-& o= 500714 43 3tk

B dollMes 34 7S A8shr] Ao o 4
Al

o
oJElel A AEY Fo LOUHE HEF 200749)
BANE FHHIHE FRAXS ALAE 25

O PAE AR 8% A 1Y 5o mAE,
o

[e)
& A7 sk AsS el
Iy 5, 23 6, 28 79 =A% AT A
2= [e] 3L
=] = 7

Aol u olEuih 4T A



P olZrERolAlE 9i8t AHIAS HlojEfe] B2 7)Y

| + 1024Hz Original Training Data

ACCURACY

o 50 100 150 200 250 300 350 400 450 500
Epoch

Fig. 5 CNN Performance trained with original training data
on Korea finger number gesture recognition
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Fig. 6 CNN Performance trained with one of four sets of
augmented training data on Korea finger number gesture
recognition

a9 6o, AR 4 7IHS ol&ste] A
27 FdrolE o shyd 4T A
287014 100% AEEE 7= F9F
PR, o]F AHFTrt %R FASHEA o
Z 3B5AA 100% AEEE R e Edo] vHEol
T IgE FAHATH

- 94

! W"——
i
P
0.8 7
/ ‘ + 256Hz 800 Augmented Training Data
goet o®
< b 4
[-4
2
Q
9
< 04 -
0.2 fomm
0 ; : ; : : ; : : ;
[ 50 100 150 200 250 300 350 400 450 500
Epoch

Fig. 7 CNN Performance trained with four sets of
augmented training data on Korea finger number gesture
recognition
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