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Abstract: Deep Convolutional Neural Network ( CNN) is trained by largesscale &Lbelled datasets. After training, the

model can achieve high recognition rate or good classification effect. However,
datasets usually occurs overfitting. In order to solve this problem, a nove@
proposed, which was integrated Gaussian Mixture Model (CM

Firstly, sample number was increased by randomly sliding samp

was supposed to submit to the distribution of GMM model, then it w.

image label was used as the CGAN condition to train t
CGAN was used to generate a new dataset that matche
classes of 386 items. After implementing GMM-C
experimental results show that compared wit
average classification accuracy of the proposed me
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aining of CNN models with smaller-scale
atagaugmentation method called GMM-CGAN was
( Conditional Generative Adversarial Net).

he core region. Secondly, the random noise vector

ed as the initial input to the CGAN generator and the

ramgters of the CGAN and GMM models. Finally, the trained
distribution of the samples. The dataset was divided into 12
the dataset, the total number of the new dataset was 38 600. The
raining datasets augmented by Affine transformation or CGAN, the
d is 89. 1%, which is improved by 18.2% and 14. 1%, respectively.
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Tab. 4 Classification resulis on different augmented datasets

=t ¥

w5 BiRE iR R EWE % A
1 None 22.3 4.48
2 MERR Affine Transformation 75.4 1.33
3 T CGAN 78.1 1.28
4 GMM-CGAN 89.1 1.08
5 None 35.6 2.17
6 Affine Transformation 77.2 1.21

MNSIT

7 CGAN 81.4 1.08
8 GMM-CGAN 93.8 0.94
9 None 12.1 3.47

10 Affine Transformation 65.2 1.31

CIFAR 10
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