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In the field of deep learning, generative adversarial network (GAN) is in the spotlight

as a representative image generation model, and it has already reached a point where it is

difficult to classify real and fake (.e.,

GAN-generated) images with the naked eye. However,

based on the generation principle of GAN, a previous method could classify real and fake images

with high accuracy and robustness by extracting useful features using hand-crafted filters from

their chromatic components. Inspired by the previous method, we also attempt to classify real

and fake images in chromatic domains. However, we use convolutional neural networks (CNN) to

extract features from images. To be specific, we try to use the transfer learning with

pre—trained CNN models. Also, we try to train the PeleeNet, a type of deep CNNs, with or

without a pre—processing high pass filter. The CNN-based methods are compared with the

previous method. For experiments, we prepared four image datasets consisting of images

generated with different image contexts and different GAN models. Extensive experimental

results showed that CNN-based methods are not accurate for those whose generation GAN

model and contexts are different from the training images, unlike the previous method showed

high classification accuracy. However, we found that the previous method could be further

improved by using the luminance components together with the chromatic components.
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