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Parallel U-Net Based Semantic Segmentation Method Using
Generated Data from YOLO VS5
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ABSTRACT

In this study, we propose and implement an sementic segmentation method using a pair of U-Net in parallel
where its training data are images generated from the YOLO(You Only Look Once) V5 object detection
technique using yolov5s model. Image for vehicles and pedestrians from the YOLO model are in the form of
bounding box and they are used for training data of a parallel U-Net. The proposed U-Net receives training
images for learning in such a way that one U-Net receives original images and the other parallelly connected
U-Net receives output images from YOLO V5, and then performs sementic segmentation. We compared the
detection performance of the proposed method with the conventional semantic segmentation methods using a
U-Net or a U-Net3+. BDD100K(Berkeley Deep Drive 100K) data set was used as training data for YOLO
V5, and we found that mloU(Mean Intersection over Union) of the proposed method is about 0.1~0.2 higher
than a conventional U-Net and 0.03~0.15 higher than U-Net3+.
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