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Abstract

Surface defect detection of industrial products is an important step to ensure product qual-
ity, timely detection and elimination of defective products on the production line ensure that
the manufactured products meet the quality standards and customer expectation, while help-
ing companies to timely analyze the potential production risks and improve the stability of the
production line and production efficiency.

In the existing laptop production line, the manual visual inspection method, which is inef-
ficient, subjective, and costly, is still used to detect surface defects in laptop computers. With
the development of artificial intelligence technologies such as computer vision and deep learn-
ing, under the condition of sufficient defect sample data, the defect detection algorithm based
on deep learning is able to effectively recognize different types of surface defects with better
adaptivity and accuracy. However, due to the strict control of product quality in the produc-
tion process of notebook computers, the probability of defects is very small, which makes it
difficult to collect relatively sufficient defect samples for training deep learning algorithms. In
addition, supervised deep learning based detection algorithms often have difficulty detecting
unseen defect types outside the training set. For this reason, this thesis focuses on the problem
of detecting surface defects in laptop computers under the scenario of lack of defect samples,
and carries out a series of studies from the perspectives of unsupervised learning and semi-
supervised learning, at the same time, constructs an image acquisition unit through appropriate
hardware selection, and completes the construction of the laptop appearance defect detection
system by combining with software development techniques. The main research content and
work of this thesis are as follows:

(1) Aiming at the problem that it is difficult to obtain sufficient defect sample data for training
supervised defect detection algorithms in defect sample scarcity scenarios, a multi-scale
normalizing flow-based surface defect detection method for laptop computers is proposed
with the help of the idea of unsupervised learning, where only normal samples are uti-
lized in the training process. First, the multi-scale features of the normal sample image

are obtained through a multi-scale feature extraction network to improve the scale invari-
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ance of the detection method. second, the feature distribution of the normal samples is
learned through the multi-scale normalizing flow network, and due to the obvious feature
distribution difference between the normal sample and the defective sample, the normal
sample distribution is fitted by fitting to the feature distribution of the normal samples
during the training process, which in turn achieves the normal sample distribution defect
detection outside the normal sample distribution.

(2) Aiming at practical industrial scenarios where a small number of defective samples can
be collected for algorithm training while obtaining sufficient normal samples, a mem-
orized laptop computers surface defect detection method based on defect simulation is
proposed with the help of semi-supervised and self-supervised learning ideas. In the
training stage, texture defects of random scale size are generated at random locations of
the input normal samples by a pre-designed defect simulation strategy, to obtain simu-
lated defect samples with different defect scales. Then, the generated defect samples are
recently matched with the normal sample feature memory pool and the defect sample
feature memory pool, respectively, and the commonality with the known defect samples
and the difference with the normal samples are utilized to assist the model learning, and
finally the defective regions of the simulated defect samples are detected by the decoder
network. In the testing phase, the proposed method performs defect detection on the
input sample images in an end-to-end manner.

(3) Aiming at the surface defect detection process in the production process of laptop com-
puters, a surface defect detection system for laptop computers is developed. First, a
real-time image acquisition unit is built based on industrial camera, lens and light source.
Then, the software development is based on PyQt5 together with the image acquisition
unit. Finally, by integrating the trained defect detection algorithm, the system can detect
surface defects on laptop computers in real time, and the effectiveness and applicability

of the system are proved by time consumption analysis.

Key words: Surface defect detection, Data scarcity, Multi-scale features, Normalizing

flow, Defect simulation
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Figure 3.1 The overall implementation process of the proposed method
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Figure 3.2 Structure of multi-scale feature extraction network
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Figure 3.4 Structure of multi-scale normalizing flows subnetwork
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Figure 3.6 Defective sample images
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Figure 3.7 Visualization of dataset distribution
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Table 3.1 Comparison of detection performance of different methods
Algorithm MAR(%) FAR(%)] Accuracy(%)t AUROC(%)1t

GANomaly!*! 34.00 6.00 76.50 84.06
PaDim!*! 22.80 5.33 83.75 90.79
DifferNet!”!] 13.10 8.00 91.00 92.77
CS-Flow!® 7.20 8.00 92.50 95.83
Ours 6.80 6.67 93.25 96.30
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Figure 3.8 Visualization of defect locatlon results
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Table 3.2 Performance comparison of ablation experiment
Multi-scale  Attention  Accuracy(%)T AUROC(%)T

x x 89.25 91.67
v x 92.50 95.23
x v 90.50 92.96
v v 93.25 96.30
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Figure 4.1 The overall implementation process of the proposed method
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Figure 4.3 Simulated defect sample images
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Figure 4.4 Memorization Pool Module
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Figure 4.5 Multi-scale feature fusion network
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Table 4.1 Comparison of detection performance of different methods
Algorithm  Image-level AUROC(%)T Pixel-level AUROC(%)t

MemAE!! 90.17 87.31
CutPaste!™ 93.75 91.39
DRAEM!! 96.22 95.13

Ours 97.33 96.57

o P 45 SRS AL T EAT T AE AL, A5 3 SR A A v 2% A i S 2 A AG ) T R
RN 4.607R, HAS—Ar AR, 5 AT M ERE, 56 =4 EHE s
S AR, BURSEREM TR I AR R R BB E MR H A, TR DAk
B DX I 2 1) B T B AR T, 3 At 20 e R A SRS S B ) o 39 i ~J D ¥k, A2
AR B3 BB SE R AR I R R B SRR AR T IR T A BB i it Al 3
TR ARG o AEALBRFEREARINS , A2 O A RO R BRI B2 o), (A2 RS
R INAN AT RO SMULERIE , X AR T BT 5 I B ROEA S, 2T R
A HL 2 T R A 7 9

33



SRR T ERFE R ICAZ A T AR HL i T aofe o A 0 0 vk

P

Pl 4.6 B O w AR EE R

Figure 4.6 Visualization of defect location results
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Table 4.2 Performance comparison of different defect simulation strategies
scale-level Image-level AUROC(%) Pixel-level AUROC(%)

maximum 91.47 90.23
medium 94.62 94.03
minimum 95.34 94.55
random 97.33 96.57
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