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A Cooperative Strategy for Pushing and Grasping Target Object in Cluttered
Scenes Based on Deep Reinforcement Learning
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Abstract: To improve the success rate and efficiency of robotic grasping for occluded target ob-
jects in cluttered scenes, a collaborative push-grasp strategy was proposed based on deep reinforce-
ment learning. The strategy employed 2 deep Q networks and used RGB-D images as inputs to deter-
mine push or grasp actions, which optimized object arrangement for better grasping conditions. A
“grab-push-grab” three-stage training method was introduced in the model to enhance grasping capa-
bilities significantly. An image morphology-based assessment method effectively identified and filtered
low-quality grasp actions to increase successful rates and efficiency. Experimental results confirm that

this method significantly enhances the successful rate and efficiency of grasping target objects.
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Fig.1 Overall architecture of collaboration strategy
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Fig.3 Network training in stages
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Fig.4 Simplified schematic diagram of gripper
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Fig.11 A complete grasping experiment process
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