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A toy-organizing robot based on YOLOv5s and TGAM
WANG Wenfu, LAI Zhijie, LI Minghao, LIAO Chenglin, JIA Wei, SUN Jiajun, CHEN Yuhang, XIAO Qingquan

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Conventional indoor toy organization typically requires a person to locate, collect, and categorize scattered toys—a
tedious and repetitive task that demands considerable time and effort. To address this challenge, this study presents an automated
indoor toy - organizing robot. First, a single—stage neural network ( YOLOv5s) was trained to detect and classify multiple toy
categories. Second, the detected objects and their corresponding spatial coordinates were used to construct a Denavit—Hartenberg
(DH) parameter model for a six—axis robotic arm, enabling precise grasping and placement of toys. Third, functional packages
within the Robot Operating System ( ROS) facilitated 2D map reconstruction using LiDAR data and supported autonomous path
planning with obstacle avoidance. Experimental validation was conducted in a 3. 6 m X 6. 6 m indoor environment. The system
achieved toy recognition rates ranging from 80. 6% to 92. 1% and successfully completed five full organizing tasks in 17. 3 minutes.
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Fig. 1 Date-enhanced image
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Fig. 2 Functional and structural block diagram of the toy organizing robot
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Fig. 3 Structure of toy organizing robot
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Fig. 10 Quantitative characterisation of toy organizing performance
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