A method to improve classifier performance using Generative Adversarial

Networks(GANs) based data augmentation on the Kannada MNIST dataset
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Therefore, exploring the idea of using data Leaky Relu Activation Learning Rates used : 0.02 and 0.002

Activation

Learning Rate Decay : Learning rate * 0.99 » epoch
Batch Normalization: momentum =0.1

augmentation and GANs for developing synthetic
training data is interesting.
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* Data : Rescale the MNIST images to be
Sgmod between -1 and 1.
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Keras based ImageDataGenerator was used for Data
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