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Abstract: To address the issues of low accuracy in recognizing assembly actions and the inability
to accurately perceive human operators” intention under high action similarity in human-robot
collaborative assembly systems within complex environments, as well as the resulting inefficiency
in robot-operator collaboration, this study establishes an intention recognition fusion model for
human-robot collaborative assembly in complex environments by integrating assembly action
information and assembly part information. Based on skeletal features, a two-stream adaptive
graph convolutional neural network (2S-AGCN) model is employed for action recognition in
assembly tasks. An improved YOLOVS8 model is proposed to enhance the recognition accuracy of

assembly parts in disordered and occluded environments. Considering with the current assembly
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task, assembly reasoning rules incorporating both assembly actions and part information are
designed to plan the assembly sequence. The proposed method is validated on an assembly action
dataset and an assembly pump part dataset. The experimental results show that when the
intersection over union (I,;) threshold ranges from 0. 50 to 0. 95, the improved YOLOV8 model
achieves a mean average precision of 88. 361% for part recognition. The proposed fusion model
achieves an intention recognition accuracy of 96. 66 %, demonstrating the feasibility and effectiveness of
the human-robot collaborative system in recognizing operator assembly intention. Integrating

assembly action information with assembly part information contributes to accurately identifying

operator assembly intention in complex human-robot collaborative environments.

Keywords: human-robot collaboration; action recognition; two-stream adaptive graph convolutional

networks; YOLOVS; intention recognition fusion model
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Fig. 1 Human machine collaborative assembly operator intention recognition framework
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Fig. 10 Comparison curve of assembly parts dataset under

original perspective and data augmentation conditions
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Fig. 12 True label consistency accuracy and loss function
curve on 2S-AGCN model
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Fig. 13 Partial pictures of assembly action and parts

identification
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Table 3 Accuracy of 25-AGCN model in recognizing 5 types

of assembly intentions
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Fig. 15 Rules for identifying the assembly intention of

operators based on logic
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