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Abstract

Many studies are currently underway on unmanned automation to reduce the production of defective products
during the machining process in rebar factories. In previous studies, a vision camera using YOLOvV3 was employed to
detect the endpoint of rebar images and determine whether the rebar was twisted. However, the quality of the images
deteriorated due to noise occurring at the rebar processing site, resulting in decreased detection performance by the
deep learning model. In this paper, we propose a novel model called SRPAttention-GAN. This model transforms
low-quality rebar images into high-resolution images and trains the YOLOvVS model to enhance detection performance.
Experimental results confirmed that the PSNR of the SRPAttention-GAN model was approximately 0.3db higher than
the existing SRResNet-GAN model. Furthermore, by training YOLOvV5 on both the original images and the images
generated by the proposed model, we were able to obtain improved results on the F1 and Precision, thereby
enhancing the accuracy of rebar endpoint detection.
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Fig. 1. Rebar processing site
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Table 3. Hyperparameters for learning YOLOVS

Hyperparameter Value
learning rate 0.01

momentum 0.937

weight_decay 0.0005
warmup_epochs 30
warmup_momentum 0.8
warmup_bias_Ir 0.1
box 0.05
cls 0.5
cw_pw 1.0
obj 1.0
obj_pw 1.0
iou_t 0.2
anchor_t 40
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Table 4. Data augmentation Hyperparameters for YOLOV5
learning

Hyperparameter Value
hsv_h 0.015
hsv_s 0.7
hsv_v 04

degrees 0.0
translate 0.1
scale 05
shear 0.0
perspective 0.0
flipud 0.0
fliplr 0.5
mosaic 1.0
mixup. 0.0
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