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FC Fully connected network

FFT  Fast fourier transform
MFCC Mel-frequency cepstral coefficient
MSE  Mean squared error

PCA  Principal component analysis
STFT  Short-time fourier transform
SVM  Support vector machine
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Abstract

Acoustic-based assembly defect
detection system

Hansu Lee
Graduate School of Practical Engineering

Seoul National University

Despite many efforts by global manufacturers to secure product quality, pro-
duction defects due to various causes continue to occur. If defective products
are delivered to consumers, this is an important problem that can damage
corporate management by instantly destroying brand image in addition to
direct cost.

Recently, with the development of deep learning technology, many
studies based on anomaly detection are being conducted in manufacturing
sites. However, if you look at the related studies that have been recently
studied, most of them deal with the surface defects of products through vi-
sion inspection or the state inspection of production facilities using vibration
data. However, these methods are not suitable for application to audio prod-
ucts that deal with sound. In addition, it takes a lot of time and money to
attach a sensor to apply it to quality inspection of products in a manufactur-

ing industry that produces hundreds or thousands of units per day.

57



In this paper, we present an end-to-end approach to sound classification
that learns representations directly from raw audio signals using speaker
output data measured by a single acoustic sensor and a synthetic product
neural network. Seven convolutional layers are used to learn various filters
related to the classification task of assembly defects. The dataset was col-
lected through output data from multiple speakers, and it was shown that the
knowledge learned from the output of some speakers can determine whether
other speakers are defective, with 99% accuracy. The proposed assembly de-
fect detection method shows higher performance than most methods that use
the existing 2D representation as input. In addition, it has fewer parameters
compared to other architectures, making it efficient for real-time product
quality inspection.

Through this study, it is expected that the assembly process defect rate
will be reduced for product groups with speakers installed inside the prod-

uct, such as TVs and AVNs for vehicles.

Keywords : Deep learning, Anomaly detection, Fault detect, CNN

Student Number : 2020-21071
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