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[ Abstract] In order to solve the problem of low recall rate in object detection with the deep reinforcement learning
method, on the basis of simulating human visual mechanism,a dynamic searching hierarchical offset method is proposed.
It uses the idea of anchors based on the original hierarchical searching method, which adds a region offset. This method
avoids the limitations generated by hierarchical searching method, and makes the search more flexible. This paper
combines the advantages of Double DQN and Dueling DQN, using Double Dueling DQN network structure as the deep
reinforcement learning network of the agent. Experimental results show that the accuracy and recall ratio are higher than
the original hierarchical searching method.
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