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Real-time detection algorithm of domestic garbage based on RB-YOLO
DONG Xiaoxiao, LIU Zhenguo, SONG Tengteng, HE Yizhi, LI Zhao
(School of Computer Science and Technology, Shandong University of Technology, Zibo Shandong 255000, China)

[ Abstract] The background of domestic garbage pictures is complicated, and the large differences in the characteristics of the same
type of the garbage have brought great challenges to garbage detection. In order to realize the real-time detection of domestic waste
in complex scenarios, the paper proposes a domestic waste detection algorithm RB-YOLO based on improved YOLOvV3. In this
garbage detection model, YOLOV3 is combined with the lightweight convolutional neural network RepVGG to decouple model
training and reasoning, and improve the speed of model reasoning while ensuring feature extraction capabilities. The weighted
bidirectional feature pyramid network BiFPN is used to optimize the original feature pyramid structure, and multi—scale semantic
features are fully utilized through bidirectional feature fusion. At the same time, the hollow space pyramid pooling ASPP is
introduced to enhance feature extraction and obtain multi —scale feature information. Based on the above research, experimental
analysis is performed on the proposed DGD data set. Compared with the YOLOv3 model, the RB-YOLO model has improved
accuracy and speed in garbage detection tasks. Furtherly, it has also achieved good detection results on the test set and network
pictures, and verified the effectiveness and robustness of RB—YOLO.
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Tab. 1 Ablation experiments
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Tab. 2 Comparison of results of different target detection algorithms

Model Input size mAP/ % FPS Params/ M
SSD 512 %512 64.14 26 29.89
Faster RCNN 416 * 416 66.74 21 137.63
YOLOv3 416 = 416 69.52 37 61.78
RB-YOLO
416 * 416 73.83 53 36.50
(proposed)
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Fig. 7 Comparison of detection results of different target detection algorithms
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