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Abstract ; In the field of visual-based object recognition ,monocular visual recognition can only obtain partial informa-
tion of objects,and the computational complexity of binocular visual recognition is high. With the popularization of In-
ternet of Things ( ToT ) technologies, passive ultra-high frequency ( UHF ) radio frequency identification ( RFID )
technology has been widely used in object identification ,and has the advantages of fast reading speed and long reading
distance. In order to optimize the speed and accuracy of object recognition ,this paper proposes a general method to as-
sist visual recognition through prior information. By identifying RFID tags, accurate feature information is read from
the database to assist image recognition of objects. The camera collects the image and video information of the object
and then transmits it to the control module. The control module obtains the RFID prior information from the database
and then corrects the image with the camera calibration algorithm to locate the target object,so as to reproduce the 3-
dimensional (3D ) image of the object. Traditional edge detection and target detection technologies require two or more
cameras to recognize an object in 3D. The proposed method only needs one camera to obtain its 3D position. The im-
proved edge detection algorithm combines the accurate object geometry information and pixel information in RFID tags
to determine the weight of the filtering window and to calibrate the real edge and potential edge. The improved target
detection algorithm introduces the feature pyramid on the region proposal network ( RPN) architecture of the original
Faster R-CNN, which makes feature extraction semantics stronger. Finally,the experimental results of two different vis-
ual recognition methods demonstrate the effectiveness of the proposed method. The proposed method has higher accu-
racy of recognition and positioning,lower algorithm complexity and faster identification rate,and can more accurately
and reliably detect the characteristics of objects and estimate their shapes and directions.
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