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Abstract

Recent advancements in deep learing technology for image processing have enabled the use of object detection
and segmentation in various fields. However, data labeling and generation for learning object detection and
segmentation are not easy tasks. Therefore, this paper proposes and implements a system that enables efficient
training in a You Only Look Once(YOLO) and U-Net3+ based model without the need for additional data
generation. The proposed system performs initial object detection using YOLO v5s. The object detection data output
by YOLO v5s is then used as input for a U-Net3+ based model. To evaluate the proposed method, we compared it
with a system based solely on the existing U-Net3+ model. Experimental results showed that the proposed method
achieved an improvement of over 0.1 in mean Intersection over Union(mloU) on average. This demonstrates that the
proposed method can effectively improve segmentation performance without generating additional data.
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