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Detection algorithm for multi-scale and multi-directional bolts

Tang Xinliang  Liu Zijian  Yu Pingping

(Hebei University of Science and Technology, Shijiazhuang 050018, China)

Abstract: In industrial construction, bolt components are key connectors commonly used to join large machinery and components such as
steel structures, bridges, highways, buildings, and oil pipelines. The quality of their installation directly affects the stability and
reliability of the entire equipment or structure. However, the installation of bolts often takes place in narrow and complex environments,
making manual inspection difficult, inefficient, and prone to misjudgment and omissions. In this study, we conducted bolt component
recognition research based on the Faster R-CNN framework, aiming to address the challenges in bolt detection, we propose a detection
algorithm based on multi-scale and multi-directional bolts. Firstly, we augment the collected images to enhance the diversity of the
dataset. Secondly, we enhance the sensitivity of the model to feature information by modifying the backbone network, and utilize a multi-
scale fusion module to improve the detection of small targets. In the stage of generating bounding boxes, we introduce an adaptive
rotation region proposal network to obtain optimal bounding boxes. Finally, we address the issue of discontinuous boundaries in multi-
directional detection by employing the Gaussian Wasserstein distance and focal loss as the loss functions instead of the traditional Smooth
L1 loss. Experimental results for bolt component recognition demonstrate that the improved Faster R-CNN model achieves a mAP ( mean
average precision ) value of 87.4%, which is a 7.6% improvement over the original Faster R-CNN model. Through ablation
experiments, it is observed that the improved ResNet50 network achieves a 0.2% increase in AP (average precision) compared to the

original ResNet50 network. Comparisons with other rotation detection models on the same dataset reveal that the proposed model has
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higher AP values and better robustness. The model presented in this study effectively addresses the challenges posed by the shooting

angles and complex environments in bolt component recognition tasks, mitigating issues caused by image scale and discontinuous rotation

boundaries.

Keywords : multi-directional detection; bolt component detection; convolutional network improvement; model improvement
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Ton="" - <?xml version="1.0"?>
<pxml version="1.0%7> - <annotation verified="no">

<annotation> <folder>Dateimge</folder>
<

<folder>Dateimge</folder> filename: >00 (1)</filename>
<filename>00 (1).jpg</filename> <path>E:\Dateimge\00 (1).jpg</path>
<path>E:\Dateimge\00 (1).jpg</path> <source: >

<source> <database>Unknown</database>
<database>Unknown</database> </source>
</source> - <size>
<size> <width>1080</width>
<width>1080</width> <height>1078</height>
<height>1078</height> <depth>3</depth>
<depth>3</depth> </size>
<Jsize> <segmented>0</segmented>
<segmented>0</segmented> - <°"J<*’;jn> >robndbox</type>
- <object> <n bolt</name>
<name>bolt</name> Zpose-Unspecified</pose>
<pose>Unspecified</pose> <t o< uhcated>
<truncated>0</truncated> <difficult> 0</difficult>
<difficult>0</difficult> robndbox>
- <bndbox> <cx>574.3887</cx>

<xmin>332</xmin>
<ymin>137</ymin>
<xmax>824</xmax>

<cy>522.0037</cy>
<w>129.135</w>
<h>875.9841</h>

<ymax>916</ymax> <angle>2.641593</angle>

</bndbox>> </robndbox>
</object> </object>
- <object> - <object>
<name>bolt</name> <type>robndbox</type>
<pose >Unspecified </pose> <name>bolt</name>

<truncated>0</truncated>
<difficult>0</difficult>
- <bndbox>
<xmin>3</xmin>
<ymin>305</ymin>
<xmax>1070</xmax>

<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
- <robndbox>
<Cx>540.538</cx>
<Cy>499.068</cy>
<w>1085.1928</W>

<ymax>698</ymax> <h>116.9027</h>
</bndbox> <angle>2.871593</angle>
</object> </robndbox>
</annotation> </object>
</annotation>
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(b) Annotation file content for
this article
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Table 1 Experimental parameter setting

240 e
epochs 300
batch-size 16

learning rate 0.000 5
Mosaic 0.9
0.000 1
640x640

Weight-decay

Img size
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Table 2 Detection results of different ResNet50 networks

EFP4E AP/%
ResNet50 87.2
Improved ResNet50 87.4
1.0
0.9
08
8§07
3
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Improved ResNet50
03 L . | | )
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Recall

B 15 AR F T 45 i fEnf A Il il £k
Fig. 15 Precision-Recall curve of different

backbone networks
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Table 3 Detection results of different loss functions

LIPS AP/%
Smooth L1 Loss 84.2
Ours Loss 87.4
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Fig. 16  Precision-Recall curve of different loss functions
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Table 4 Comparison test with others model

Fg B ERNCES AP/ %
1 Faster R-CNN VGG16 79.8
2 SSD VGG16 82.3
3 R-FCN ResNet50 86.3
4 R’CNN ResNet101 74.2
5 RRPN ResNet101 78.17
6 R*PN VGG16 79.5
7 RTMDet Improved CSPDarkNet 84.5
8 ROI-trans ResNet101 86.3
9 RSDET ResNet50 87.2
10 Ours Improved ResNet50 87.4
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Fig. 17 Result display
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