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[ Motivation & Goal J [ Data J
The Problem: Civil infrastructures undergo continuous stress, and Swiss Z24 bridge: Built 1n 1963, this three-span bridge spans ~60
early detection of damage is critical to prevent catastrophic failures. meters and was used for controlled damage experiments.

Tool: Vibration-based Structural Health Monitoring is the process of
1mplementing a damage detection strategy where structural damage
can be detected from changes 1n the damage-sensitive features
extracted from vibration measurements.

Data was recorded 1n
nine setups using five
reference channels
due to limitations in
available
accelerometers.

[ Can Al Help Detect Structural Damage Before It’s Too Late? ]

Machine learning models can process vast amounts of vibration data,
learning patterns that indicate damage with 1mproved adaptability
and accuracy. These models enhance real-time monitoring capabilities,
making structural assessment more efficient, robust, and scalable.
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Sampling Rate: 100 Hz

Approach: We propose an Al-driven framework that combines - = Koppigen
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Feature Extraction: Cepstral Analysis captures frequency-domain settlement system
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Lower accuracy 0.84, Higher Parameter Count 186,705, Worse
Class Separation
Research Directions: Optimize KAN Architecture, Investigate
y Hybrid Model Performance, Combine Structurally Similar Classes
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