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Abstract:

In the manufacturing industry, qual-
ity control is necessary to keep a
high product standard. This process
is typically manual labor, which can
be subject to human error. A pos-
sible solution is an automated pro-
cess using unsupervised deep learn-
ing, as defect data is uncommon in
the manufacturing industry, making
labeled data limited. This report
investigates the generation of syn-
thetic data and automatic segmenta-
tion to improve anomaly detection
performance with different neural net-
work architecture to find the one that
yields the best results for detecting de-
fects. U-net was implemented to seg-
ment the background and make the
model more robust from background
noise. A convolutional autoencoder
was created for anomaly detection.
In conclusion, U-net provided func-
tional masks. The synthetic data could
increase the dataset and improve a
model; however, the similarity to the
real dataset will need to be improved.
The autoencoder created a distinction
between defects and non-defects, but
only for images from the same view.
An adaptive anomaly threshold will
need to be explored further.
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Chapter 1

Introduction

The manufacturing industry seeks to uphold a production standard for the prod-
ucts and is researching ways to improve the current methods. One of these areas
is visual quality control. One company researching this is LEGO; they are cur-
rently using manual visual inspection to look for defects in their products. With
manual visual inspection comes some different issues, such as training experts to
identify the different defects. Since human decisions are subjective, there can be
a difference in what each quality assessor marks as a defect, thereby creating in-
dividual standards. The current process for LEGO is taking samples from a batch
and manually looking at them under a light to detect the defects in the bricks. This
process can lead to issues such as the inspector getting eye strain which can cause
the inspector to miss a defect. A possible solution to the time-consuming quality
control is to have an automatic process or screening tool to assist the quality as-
sessors by utilizing deep learning and computer vision. Deep learning has shown
great promise for defect, and anomaly detection in the manufacturing context [1],
as defects can be detected only with the use of data and with limited manual labor.
Defects can occur in any shape and size, making unsupervised learning a viable op-
tion for detecting unknown/not previously seen defects. Deep learning, being very
data-dependent, requires as much data as possible. However, in the manufacturing
context, data acquisition might be in its starting stages, having a small amount of
data available.

1.1 Previous work

This project is a continuation of an earlier project we had in collaboration with
LEGO. The project focused on exploring techniques for quantifying and objec-
tifying the quality control measure for polymer surfaces. This is done by using
unsupervised deep learning strategies, where autoencoders were only trained on
non-defect data to �nd outliers. Experiments were conducted with background
segmentation, Contrast-Limited Adaptive Histogram Equalization (CLAHE), and
data augmentation to show the effect of the addition of each processing step.
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