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Garbage Bag Detection using EfficientDet
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Abstract

The problem of waste management is trending higher every
year. The research aims to detect garbage bags with the proposed
EfficientDet technique. A total of 1,050 images of garbage object
detection dataset images are divided into 735 Annotation Bounding Box
images and 315 Pseudo-Labeling images by the image augmentation
technique such as rotation, zoom, or flip, color adjustment image to the
image. Finally, the proposed EfficientDet technique is more effective.
AP increased by 6.9%, and samples with miscounted garbage bags

decreased by 4.3%.
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