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Design of Experimental Teaching Platform for Salient Object Detection
Based on Deep Learning

TANG Jieliang, WANG Anzhi, HOU Yida
(School of Big Data and Computer Science , Guizhou Normal University , Guiyang 550025, China )

Abstract: In view of the requirements of computer vision courses, combined with the practical problems of object detection, a salient object
detection experimental platform based on deep learning is designed. The platform integrates a variety of salient object detection algorithms for
input data such as 2D (RGB image) , 3D RGB-D image, RGB-T image, video and 4D light field image, and designs important experimental
links such as feature coding and feature decoding, and realizes the deployment of detection network model and the visual analysis of detection
results. The platform aims to provide a convenient and efficient experimental framework for object detection teaching, assisting students in
deeply understanding the design and implementation of object detection algorithms, and improving students’ learning experience and participa-
tion. The implementation of this experimental platform can help students consolidate computer vision theory, cultivate and improve students’
algorithm design and engineering practice ability.
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Table 1 Subjects of salient objective detection
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Fig. 1 Schematic of salient object detection method
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Fig.2 Feature fusion method
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Fig. 3 SOD experimental platform processing flow architecture
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TriTrans 0.929 0.930 0.020 0.920 0.919 0.030 0.908 0.920 0.033
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