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Abstract

In this paper, a vision-based deep learning algorithm and image processing method are proposed to detect bolt-loosening in steel
connections. To achieve this objective, the following approaches are implemented. First, a bolt-loosening detection method that
includes regional convolutional neural network(RCNN)-based deep learning algorithm and Hough line transform(HLT)-based image
processing algorithm are designed. The RCNN-based deep learning algorithm is developed to identify and crop bolts in a connection
image. The HLT-based image processing algorithm is designed to estimate the bolt angles from the cropped bolt images. Then, the
proposed vision-based method is evaluated for verifying bolt-loosening detection in a lab-scale girder connection. The accuracy of
the RCNN-based bolt detector and HLT-based bolt angle estimator are examined with respect to various perspective distortions.
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Fig. 1 Schematic of vision-based bolt-loosening
detection method
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Table 1 Dimensions of CNN layers and operators

Layer Height Width Depth Operator Height Width Depth Number Stride Padding
L1 32 32 1 Input - - - - - -
L2 32 32 32 Conv 5 5 3 32 1 2
L3 15 15 32 MaxPool 3 3 2 0
L4 15 15 32 ReLU - - - - -
L5 15 15 32 Conv 5 5 3 32 1 2
L6 15 15 32 ReLU - - - - - -
L7 7 7 32 MaxPool 3 3 - - 2 0
L8 7 7 64 Conv 5 5 3 64 1 2
L9 7 7 64 ReLU - - - - - -
L10 3 3 64 MaxPool 3 3 - - 2 0
L11 1 1 64 FC 3 3 64 64 - -
L12 1 1 64 ReLU - - - - - -
L13 1 1 2 FC 1 1 64 2 - -
L14 1 1 2 Softmax - - - - - -
L15 1 1 2 Output - - - - - -
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Fig. 3 Architecture of RCNN-based bolt detector
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Fig. 13 Bolt-loosening detection in lab-scale bolted
girder connection for perspective distortion
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2 X

£ Aol Ae G470 geld 2 o] Z2AY 7IHE o83 BEEEY £44E 7S AT ol Ha |
A, 98 2 olnx] Z2AY e BEEY HAE Ve AAFAT. 347 BEEEY AE Y BE ovA A&
A 2 ZEEY 45 F4 fHgoz FAHAY. BEE onA 9 HAEE 3] RCNN7IRE ged dugFS o)&3dh
A4 99 uAE A sRaYY S olgdgen BEEEY AEE F4E 939 Hough WS o &390

SozZ Agtd 7YY Aes HAFSS s AYe EE dZAE S gdes EEEY &4HE 24ESs YRk
opekdt 2 = ZAd) tdte] RCNN 718 2E AZE7])9 Hough W3 7|8t BEZY 4% A7) A5S AESLY.
A go] - BEEEY HE, F47I% HEd, RCNN, o|uA] 2 A4, Hough ¥, T2 9
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