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ABSTRACT

Data augmentation is a method that increases the amount of data through various algorithms based on a small amount of sample
data. When machine leamning and deep leamning techniques are used to solve real-world problems, there is offen a lack of data sefts.
The lack of data is at greater risk of underfiting and overfitfing, in addition fo the poor reflection of the characteristics of the set of
data when leaming a model. Thus, in this paper, through the layer-wise data augmenting method af each layer of deep neural
network, the proposed method produces augmented data that is substantially meaningful and shows that the method presented by
the paper through experimentation is effective in the learning of the model by measuring whether the method presented by the paper
improves classification accuracy.
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(Figure 1) Calculate eigen vector and eigen value using eigen decomposition
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(Figure 2) The structure of model using proposed augmenting method
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(Table 4) parameter for WDBC data set

WDBC Model parameter
HL 9 Layers
w (Input), 10, 20, 30, 30, 20,
20, 20, 20, 10, (Output)
AF ReLu
IR 0.0001
N_SIG 0.25
N_BATCH 25
N_SAMPLE N_BATCH * 10
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(Table 5) parameter for WOBC data set

WOBC Model parameter
HL 12 Layers
W (Input), 10, 20, 30, 40, 40,
30, 20, 20, 20, 30, 20, 10, (Output)
AF ReLu
IR 0.0001
N_SIG 025
N_BATCH 50
N_SAMPLE N_BATCH * 10
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(Table 6) Performance comparison for WDBC data

model Accuracy
TREE[18] 0.9373
LOGISTI1] 0.9427
LDA[18] 0.9568

NN 0.94736844
Augmented NN 0.9737
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(Table 7) Performance comparison for WOBC data

model Accuracy
TREE[18] 0.9390
LOGISTI18] 0.9556
LDA[18] 0.9523
NN 0.9474
Augmented NN 0.9649
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