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Abstract In general, the performance of ML(Machine Learning) application is determined by
various factors such as the type of ML model, the size of model (number of parameters),
hyperparameters setting during the training, and training data. In particular, the recognition
accuracy of ML may be deteriorated or experienced overfitting problem if the amount of dada used
for training is insufficient. Existing studies focusing on image recognition have widely used open
datasets for training and evaluating the proposed ML models. However, for specific applications
where the sensor used, the target of recognition, and the recognition situation are different, it is
necessary to build the dataset manually. In this case, the performance of ML largely depends on
the quantity and quality of the data. In this paper, training data used for motion recognition
application is augmented using the kernel density estimation algorithm which is a type of
non-parametric estimation method. We then compare and analyze the recognition accuracy of a ML
application by varying the number of original data, kernel types and augmentation rate used for
data augmentation. Finally experimental results show that the recognition accuracy is improved by
up to 14.3196 when using the narrow bandwidth Tophat kernel.
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Table 1 Results according to kernel type, number of collected samples and augmented rate.
(# of dataset used for testing = 2,550, # of recognized gestures (classes) = 17)

# of original # of generated
) Amp. ] # of total  Acc_A(%) Acc_B(%) Acc_C(%) 4 A
trainset per trainset per a . o .
factor trainset (Original)  (Gaussian) (Tophat) (B-A) (C-A)
a gesture gesture
10 500 9,350 78.51 86.78 87.88 827 9.37
50 20 1,000 17,850 78.51 86.78 7851 827 0.00
(total 850 30 1,500 26,350 78.51 84.20 90.08 569 1157
samples) 40 2,000 34,850 78.51 81.18 9063 2.67 1212
50 2,500 43,350 78.51 85.29 91.14 6.78 1263
100 5,000 85,850 78.51 77.22 8953 -1.29 11.02
10 750 14,025 77.69 38.82 90.04 11.13 12.35
75 20 1,500 26,775 77.69 77.69 91.57 0.00 13.88
(total 1,275 30 2,250 39,525 77.69 87.53 90.75 9.84 13.06
samples) 40 3,000 52,275 77.69 86.94 91.76  9.25 14.07
50 3,750 65,025 77.69 81.65 91.88 396 14.19
100 7,500 128,775 77.69 77.69 92.00 0.00 14.31
10 1,500 28,050 92.24 91.29 9471 -0.95 247
150 20 3,000 53,550 92.24 91.22 94.04 -1.02 1.80
(Total 2,550 30 4,500 79,050 92.24 86.82 9220 -542 -0.04
samples) 40 6,000 104,550 92.24 90.20 95.14 -2.04 290
50 7,500 130,050 92.24 79.76 9455 -12.48 231
100 15,000 257,550 92.24 75.29 9553 -16.95 3.29
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Fig. 7 Recognition accuracy variation with
the number of augmented samples
and kernel types.
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