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Abstract: During the period of epidemic prevention, intelligent robots play a significant role in the fields of medical
treatment, inspection and distribution, making more people realize the importance of robots in solving public health and
safety problems. Focusing on the intelligent guiding robots, the key technologies and research status of the intelligent
guiding robots were discussed, including robot disinfection, face recognition, speech interaction, autonomous localization,

path planning. Then, taking TMiRob intelligent guiding robot as an example to discuss how these key technologies were

implemented in reality. Finally, the challenges and development trends of intelligent guiding robots were presented.
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