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Ego-noise reduction using multimodal information
for defect detection in UAV hammering inspection

Koki Shoda™, Jun Younes Louhi Kasahara™
Hajime Asama™, Qi An™! and Atsushi Yamashita™

*1 The University of Tokyo, 5-1-5 Kashiwanoha, Kashiwa, Chiba 277-8563, Japan

We propose a novel method for reducing ego-noise in Unmanned Arial Vehicle (UAV) hammering
inspections using multimodal information. UAVSs are advantageous for inspecting hard-to-reach areas in
structures, but their motor-propeller systems generate strong ego-noise, impeding differentiation between
defective and healthy hammering sounds. Traditional methods using deep neural networks for
differentiation of hammering sound require extensive data and struggle with ego-noise. Our approach
predicts and subtracts ego-noise from acoustic data using propeller vibration information, offering a
significant improvement in situations with limited training data. This technique enhances sound clarity,

significantly advancing UAV auditory capabilities.
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Fig. 1: Concept of proposed method.
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Fig. 2: F1 score as a function of number of training data.
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