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Abstract: The service reliability of urban drainage facilities is becoming an increasingly important
engineering issue. Highly efficient, automated and large-scale intelligent detection of sewer defects is an
urgent need and an important development trend for the construction and management of urban drainage
facilities. Deep learning technology has developed rapidly in recent years, providing new methods for
sewer defects detection. However, insufficient amount of data and unbalanced samples are common
problems of deep learning models, which affects the generalization ability and recognition robustness of
the models. Based on the current state-of-the-art generative adversarial network (StyleGAN), a
high-quality sewer defects image synthesis method is proposed to solve the training sample problem.
Further, a convolutional neural network algorithm is used to implement the sewer defects recognition with
the help of transfer learning and pretrained model (SqueezeNet network), and the effect of the synthesized
images is verified. Results showed that StyleGAN could efficiently synthesize high-quality sewer defects
images with mean average precision of 90.0% for the recognition model (99.7%, 92.3%, 87.7% and 81.7%
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for the specific precisions of tree root, disjoint, residential wall and obstacle, respectively). Data

augmentation with the help of generative adversarial networks provides a promising approach for deep

learning model training with important applications.
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Fig.1 Basic structure of generative adversarial networks

YR S5 HE ) StyleGAN (Style-based GAN)!! |
S XS AT S Y SEAEL 3 ) — T 40 A AR A A5 4
(W 2) e G B BRI AT ZMEiriE,
A4 DFE T 8> A2 A L R 2%, H
PR H i A T 2 e DAy mp ] 1) B 0o, I RN S
FH CAFE AN [] 09 400 56 R 5 QOBEATL IR P 28 11 365 7 52
(4R HEAL (AdaIN) BRI, FH LA A= i P45 £ 4
TR 5 By 3kt i 7 A o 2 1 TR A Al
SF I 28 A J B 22 A BERIL HP ] 1] b, O RS 4 )
(- BIEAE R4 . StyleGAN & {4 I 38 33 4% 2l 5
G E O YN G A G SN R N S R

« 28 -



www. cnww 1985. com

JAAEAR 5 R T A R AT F W & Ae i S 5 5] 69 HEK B B B TSR A

%385 H17H

G4t 47 o O RRAE RS 5 s R IR
I, StyleG AN 5 J8 A P45 i BT v L SN 052

— 11
B Ax4X512 o

[A] 2> s At
5 B 00 MR A R
E 2 StyleGAN &R EHRE
Fig.2 Architecture of StyleGAN generator
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Fig.5 Changes in FID during StyleGAN training
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