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ABSTRACT

Segmenting objects through the Digital Image Processing makes it difficult to draw high accuracy in a
complex background. In this paper, we propose a method of using deep-learning segmentation to segment
objects in complex environments, providing ROI(Region of Interest) of images as a pre-processing, and
Thresholding in the post-processing. The proposed method is to detect the position of the hand in a complex
image using a deep learning-based object recognition algorithm employing the YOLOv4 model; to expand the
ROI so that the deep learning-based segmentation techniques using the U-Net model can be applied locally,
not on the entire image; and to process by Thresholding through Otsu’s Binarization method. We applied the
proposed algorithm to hand images with complex backgrounds and verified the effectiveness of the algorithm

by measuring the IoU values of the masks of correct answers and results.
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Table 1. IoU comparison of segmentation algorithms

vy
ar

Each IoU Avg

OO |@|® | b
GrabCut | 0.753 | 0.303 | 0.395 | 0.418 | 0.879 | 0.550
U-Net 0.810 | 0.924 | 0.926 | 0.944 | 0.871 | 0.895

Proposed

Method 0.942 | 0.961 | 0.976 | 0.957 | 0.959 | 0.959
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Table 2. Time comparison of segmentation algorithms

Each Segmentation Time Avg

M| @| G| @] @ | Time
U-Net 71ms|59ms|66ms|68ms|68ms| 66.4ms
YOLOv4 251311 24 28129 27.4ms
Propoged ms | ms | ms | ms | ms
Method
U-Net 26 | 20 | 28 2 28 25.8ms
ms | ms | ms | 7ms | ms
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