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AGY Collision Risk Mitigation Method Based on Scene Understanding
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Abstract: To mitigate collision risks for tape—guided Automatic Guided Vehicle (AGV) in manufacturing plants, a novel risk alleviation
method leveraging scene understanding is introduced. Employing computer vision, the technique generates scene graphs to enhance AGV envi-
ronmental awareness, focusing on spatial object relations. Decision—making based on scene context significantly reduces collision hazards.
Through experiments across patrol, off-line, and return—to-line scenarios, the AGV's perception abilities and risk management efficacy are
evaluated using collected imagery. Results highlight the method’s effectiveness, especially in static scenes with multiple single—object catego-
ries. Future efforts target expanding the framework to complex multi-object scenarios for improved AGV safety and efficiency in dynamic indus-
trial environments.
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(a)  Scene from the perspective of an AGV
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(b) Example of generated Ego—AGV scene graph
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Fig.1 Example of an Ego—AGYV scene graph
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Fig.2 Ego—AGY scene graph generation and risk mitigation process
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Table 1 Predefined object class classification
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(a)  Order of obstacle relationship labels
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Fig. 3 The order of relation labeling in datasets and examples
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Fig.4 The classification of the position and distance of obstacles rela-
tive to the AGV
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Table 2 Risk level assessment rules for single obstacle
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Table 3 Risk level evaluation rules for scenes composed of multiple obstacles
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Fig. 5 Examples of scene images generated by AGV in three different scenarios
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Table 4 Average accuracy of object detection and recognition in labo-
ratory scenes
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Table 5 Construction of scene graph and execution results of risk mit-
igation strategies
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