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Abstract: Currently, common tagget recognition algorithms have shortcomings of complex detection, long recognition

time and being prone to error and missed detection. In order to solve these problems, this paper proposes a

target recognition algorithm A deep learning target detection method) that is suitable for intelligent mobile car
system by using the curren vision technology. Meanwhile, target recognition simulation system of the intelligent
mobile car is built in tudy the correct implementation of target recognition algorithm in ROS (Robot Operating
System) combined with intelligent car motion control function, thus reducing miss detection rate and error rate of target
detection algorithm. Accuracy of target recognition algorithm in ROS system is analyzed and data set is used for detection
experiment. Experimental results show that the proposed YOLOV3 deep learning target recognition algorithm can improve
target recognition speed and detection accuracy. When a target is lost in the field of vision, ROS system is used to control
the mobile robot to recognize the target quickly again, which reduces target recognition time and improves the efficiency of
mobile robot motion recognition.
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DU PA B f 2
fHfcamera.

Moving around:
u i o
j k 1

q/z : increase/decrease max speeds by 10%

w/x : increase/decrease only linear speed by 10%
e/c : increase/decrease only angular speed by 10%
space key, k : force stop

anything else : stop smoothly

B8 #H 3 FizFhi=H F &

Fig.8 Mobile car motion control interface
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Fig.9 Mobile car movement information interface
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Fig.10 Flow chart of motion recognition
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Fig.12 Simulation experiment effect diagram
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