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Abstract

Although the number of aging bridges to be maintained is increasing, systematic management is difficult
due to the stagnancy in management manpower. To solve this problem, research for bridge damage analysis
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A Deep Learning-based Bridge Damaged Objects Automatic Detection Model using Bridge Members Model Combination Framework

based on deep learning is being conducted. A bridge damage recognition study based on deep learning has
a problem of performance degradation when classifying multiple classes. As a solution, there is a method
to secure a large amount of training images or to learn and combine models for each class. In this paper,
to solve the problem of classifying multiple classes, we propose a deep learning combined model
framework for each subtitle-based individual learning-based bridge damage identification. In order to reflect
the similarity and differentiation of features between classes, model learning is carried out by classifying
damage types such as abutments and slabs by subtitle. Finally, bridge damage is recognized by building a
bridge damage recognition model for each member as a framework through the model combination method.
Blendmask(instance segmentation model) were the models for recognizing bridge damage by subtitle. This is
because the input image size has little effect from object detection. It has a connection with image
normalization technology through the previously proposed deep learning-based SR (Super-Resolution)
technology. Our proposed model, as a result of the experiment, the accuracy was 112.21%(mAP) higher
than that of the previous one.

Keyword : Deep leaming, aging bridge management, image analysis, image processing, classifier combination
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[ 3] Mask R-CNN framework for instance segmentation [13]

[Fig. 3] Mask R-CNN framework for instance segmentation
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