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Research on Automatic Recognition Algorithm of OBD Port
Occupancy State Based on Deep Learning

SU Dong, YU Ning-mei

(School of Automation and Information Engineering, Xi’ an University of Technology, Xi’an 710048, China)

Abstract: Because that optical branching device (OBD) port occupancy state can not be automatically
acquired, an improved YOLOv3 algorithm was proposed. Firstly, by adding the fourth upsampling feature
map, the detection sensitivity of dense small objects at high resolution is increased. Secondly, for charac-
teristics of the fixed height-width ratio of port, the k-means clustering algorithm is used to re-determine
the number of target candidate boxes and the height-width ratio. Thirdly, the soft non-maximum suppres-
sion algorithm is proposed to alleviate the missed detection and false detection caused by the proximity
and occlusion of the port. Finally, four difficult production scenario in the port occupancy state is detec-
ted to verify the performance of the improved YOLOv3 algorithm. Experiments show that the accuracy of
the improved YOLOV3 is 90. 12% , 5. 17% higher than the original YOLOv3. In conclusion, the im-
proved algorithm has higher detection accuracy for port-like objects.
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BRI T, B4 8, mAP W T 2. 98% .
*4 BREWMAMEKBIE mAP LLER
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4scales + NMS i3zt 0.8723 0.886 4 0.8793
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X AT 114 96 UE £ DN 45 R 2 ] ROC ( re-
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Ui 125 7 g 11 3% 5 B 2s IR v 1 28 SE HES I, 22
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