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<3 4> Smoke Augmentation, Dehazing %71 23 Az}

RetinaNet Smoke Dehazing
A E Augmentation (FFA)
Fire 53.7 56.2 51.7
Smoke 70.4 72.6 65.5
Person 52.5 52.2 38.7
Firefighter 70.9 71.9 67.2
mAP 61.8 63.2 55.7
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