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Damage Detection for Superstructure of Bridges

using Artificial Neural Network
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Abstract

The national highway network includes 17,219 bridges,
with over half (10,369) being more than 30 years old.
These older bridges frequently suffer damage that they
require  renovation. This problem is especially
pronounced in the Eastern Economic Corridor (EEC), an
area with a lot of heavy truck. To ensure the safe use of
these bridges, regular damage inspections are crucial.
However, these inspections demands significant budget,
time, and manpower, often leading to incomplete
assessments and potential safety risks. Therefore,
technology to assist in inspections is necessary. This
project aims to develop a method for inspecting damage
to bridge superstructures, specifically focusing on girders.
Using Matlab, the project will create a model employing
object detection principles and deep learning, particularly
utilizing a two-stage detector or Region-based
Convolutional  Neural Networks (R-CNN).  Damage
photographs provided by the Department of Highways
will be used to train the model. By analyzing these
photographs, the model will be able to classify types of
damage and determine the accuracy of these
classifications.  This  data  will  then  inform
recommendations for bridge improvements, ensuring

their safe use and extending their operational lifespan.
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