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Abstract

In this study, we developed a deep learning and vision sensor-based assembly performance evaluation method isfor prefabricated steel

structures. The assembly parts were segmented using a modified version of the receptive field block convolution module inspired by the

eccentric function of the human visual system. The quality of the assembly was evaluated by detecting the bolt holes in the segmented

assembly part and calculating the bolt hole positions. To validate the performance of the evaluation, models of standard and defective assembly

parts were produced using a 3D printer. The assembly part segmentation network was trained based on the 3D model images captured from a

vision sensor. The sbolt hole positions in the segmented assembly image were calculated using image processing techniques, and the assembly

performance evaluation using the k-nearest neighbor algorithm was verified. The experimental results show that the assembly parts were

segmented with high precision, and the assembly performance based on the positions of the bolt holes in the detected assembly part was

evaluated with a classification error of less than 5%.
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Fig. 2 Deep learning network for assembly detection
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Fig. 4 Training process of subspace k-Nearest Neighbor
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Fig. 8 Image processing process for bolt hole detection
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@) (b) (©) (d)

Fig. 9 Image augmentation using (a) elastic distortion, (b)
horizontal flip, (c) color jitter, and (d) affine transform
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Fig. 10 Assembly part detection results of 3D models. (a) original
images, (b) labeled images (ground truth), and (c) segmentation
images
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