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2.3. GAN(Generative Adversarial Networks)
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Classification Accuracy
Target Model
GTSRB CIFAR-10
VGG16 91.9% 92.3%
ResNet32 92.1% 94.8%
SqueezeNetl.1 90.8% 91.2%
MobileNetV2 92.3% 94.5%
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Dataset GTSRB CIFAR-10 Target Squeeze | Mobile

VGG | ResNet

Method SSIM Acc. SSIM Acc. Source Net Net
Our Method 0.956 | 16.4% | 0.981 9.8% VGG 19.4% | 31.3% | 28.4% | 34.5%
Adv. Patch[4] 0.824 6.3% 0.839 2.7% ResNet 28.8% | 14.5% | 30.9% | 24.5%
AdvGAN[11] 0.925 14.1% | 0.931 6.7% SqueezeNet 22.4% | 284% | 151% | 27.3%
PS-GAN[12] 0.871 12.5% | 0.895 4.9% MobileNet 31.1% | 26.7% | 23.9% | 17.7%
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