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Abstract The trend of robot development is artificial intelligence. Deep learning is the frontier technology of intelligent

robot,and it is also a new subject in machine learning field. Deep learning technology is widely used in agriculture,in-
dustry,military,aviation and other fields,and the combination of deep learning and robot can make it possible to design
intelligent robots with high working efficiency, high real-time and high precision. In order to enhance the ability of intel-
ligent robots in all aspects and make it more intelligent, this paper introduced relearch project recated to deep learning
and robots and the application of deep learning in robots,including indoor and outdoor scene recognition,industrial servi-

ces and family services,and multi robot collaboration,etc. Finally, the future development of deep learning in intelligent

robots, the possible opportunities and challenges were discussed.
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