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3.2.3. BIM (Basic lterative Method)[18]
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3.2.6. JSMA (Jacobian-based Saliency Map Attack)[17]
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3.2.7. DeepFool[20]
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4.2.1. SemanticAdv (Semantic Adversarial Examples)[21]
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4.2.4. SPA (Structure Preserving Attack)[24]
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4.2.7. AdvPatch (Adversarial Patch)[27]
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4.2.8. AdvCam (Adversarial Camouflage)[28]
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