2101499 Civil Engineering Project

YnsAnwn 2566

a 6 o o a 'y
msasrndauanadawslagldlygidszfng dmsumsdszidininaznin

Al-Based Damage Inspection for Bridge Deck Assessment
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Abstract

This article presents "Damage Inspection Using Artificial
Intelligence for Bridge Deck Assessment" which aims to study and
develop a system for inspecting structural damage to concrete
bridge decks using artificial intelligence. The development process
of the damage inspection system for concrete bridge structures
includes collecting and analyzing photographic data of bridge
structures, identifying damage types from the image data using
MATLAB software, training artificial intelligence using the R-CNN
Model, and testing the model for accuracy and precision obtained
from model training. The expected benefits of this project include

a concrete bridge structural damage inspection system using

artificial intelligence, which requires less labor and time, potentially
resulting in cost savings. This method may play a significant role
in the future and help enhance the safety of Thailand's

transportation infrastructure.
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