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 Garbage object detection Dataset   

�,050    Annotation Bounding Box  

7�5   Pseudo-Labeling  ��5  

   -   

   

  AP  6.9 %   4.�%  

: , ,  

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 �,050 images of garbage object 

detection dataset images are divided into 7�5 Annotation Bounding Box 

images and ��5 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.�%. 
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 �  (Artificial Intelligence: AI)  

 (Internet of Things: IoT) 

 (Object Detection)   
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(real-time processing) 

 

   big data 
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 �   

     Custom objects   

 Faster R-CNN [�], RetinaNet [� ], YOLOv� [�], 

YOLOv4 [4]   EfficientDet (D0-D7) [�] 

 

COCO [6]   object 

detection   segmentation 

 EfficentDet 

  

Bounding box   Pseudo-Labeling 

 labeled dataset  unlabeled dataset  data 

augmentation  Mosaic [4]   

train   �  Mosaic  
 

 

 �   Mosaic  

�. EfficientDet 

EfficientDet (D0-D7) [5] 

  YOLOv4, YOLOv�, Faster R-CNN   RetinaNet  

EfficientDet (D0)  (��.� AP)  YOLOv�  

(�� AP)   Floating Point Operations (FLOPs)  ��  

 RetinaNet  Mask R-CNN.  EfficientDet (D�) 

 �x - �x   FLOPs  �6x - 

�5x    

EfficientDet (D0-D7)  �    

1.  backbone  EfficientNet (D0-D7) [7] 

 (D0 = 5��x5�� , D� = 640x640 , D� = 

76�x76� , D� = �96x�96 , D4 = �,0�4x�,0�4 , D5 

= �,��0x� ,� � 0  , D6 =�,��0x� ,��0   D7 = 

�,5�6x�,5�6 )  

�.  Bi-directional feature pyramid network (BiFPN)  � 

 features  multi scale resolution 

{ }� 4 7, , ,P P P  backbone   

= 0 �
i

iP P   EfficientDet (D�)  640x640 

  = =�

� 640 � �0P  (� 0x� 0  ), 

= =4

4 640 � 40P  (40x40 ), = =5

5 640 � �0P  (�0x�0 

)  = =6

6 640 � �0P  (�0x�0 )  = =7

7 640 � 5P  (5x5 

)   �  Layer  BiFPN  (1) 
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 Resize  upsampling  downsampling 

  

conv  Convolutional layer (CNN)  
td

iP  intermediate  i   
out

iP  output  i  

�. Box/class prediction network  classification  

  Bounding Box  

(a) FPN (b) PANet (c) NAS-FPN (d) BiFPN 
 

 �  Feature network design  

 
 �  EfficientDet  

�. Pseudo-Labeling 

 Semi-Supervised Learning  Pseudo-

Labeling [�]  labeled data  

unlabeled dataset    �   

�) Train on batch  

EfficentDet  label data  

�)  predicted labels  Bounding Box  

labeled data  Label Loss 

�)  EfficientDet  

labeled data  class prediction  Bounding Box  

unlabeled dataset 

4)  predicted labels  Bounding Box  

unlabeled dataset  Unlabeled Loss  

5)  Loss  (2) 

 Loss = Label Loss + (t) × Unlabeled Loss (�) 

 (2)  (t)  

Loss  Unlabeled Loss   t     epoch  

 weight (t)  unlabeled dataset  epoch 

 	  epoch   (3)  
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 T� = �00, T� = 600, f = � [�] 

4.  

  

 1,	�	   ��	 

  Garbage object detection Dataset [9] 

 �		   �  Datasets   Annotation 

Bounding Box  7�5  (70%)   Annotation 

Bounding Box  ��5  (�0%)  Pseudo-Labeling 

 Datasets  k  5  EfficientDet (D�)  

 640x640   Pseudo-Labeling 

 Mosaic  Standard EfficientDet  Batch 

size  64   GPU  NVIDIA Titan RTX  

 

 �   Datasets [9] 
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5.  

  Bounding Box  
  

  EfficientDet  8.
%   EfficientDet 

  �.3%   AP  EfficientDet (D1) 

 3�.2  EfficientDet   AP  38.
  EfficientDet 

 EfficientDet  

 https://youtu.be/E��iK76u-ZI 
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