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Solid Waste Detection Network With RGB-D Multimodal
Fusion and Deep Feature Enhancement

ZHAO Yinhao, LIU Bingchen, YANG Jianhong, FANG Huaiying

(College of Mechanical Engineering and Automation, Huaqiao University, Xiamen 361021, China)

Abstract: Aiming at the problem of low accuracy of RGB recognition due to similar features in online con-
struction identification of solid waste, a dual-camera collection experimental platform is established to collect
color images and depth images simultaneously. A multimodal fusion and depth feature enhancement network
(DFENet) based on color image and depth image is proposed. DFENet can effectively fuse the color and depth
image features of solid waste. By designing a deep feature strengthening fusion module (PFPD) . the network
balances and enhances depth features, significantly improving recognition accuracy. Experimental results show
that compared with RGB+FPN (feature pyramid network) method, the recognition precision of PFPD method
increases from 92. 4% to 94. 7% at IoU=0. 50, and from 90. 8% to 92. 8% at IoU=0. 75. Compared with the
instance segmentation network (Mask R-CNN), the recognition precision of DFENet improvs from 86. 4% to
89.2%. The proposed method can effectively improve the recognition precision of object detection and instance
segmentation models for solid waste identification.
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Tab.1 Comparison between recognition precision and inference time of object detection model
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Tab. 2 Comparison of different pattern recognition precision (Unit: %)
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Tab. 3 Recognition precision of different fusion models (Unit: %)
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Tab.4  Comparison of recognition precision of backbone networks (Unit: %)
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Tab.5 Comparison of average recognition precision in instance segmentation (Unit: %)
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DFENet 96. 4 89. 2 96. 3 95.0
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Fig. 7 Detection results of networks
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