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Research on water meter data augmentation based on arbitrary style
transfer algorithm of large convolutional kernel

Liu Shengren' Chen Yuanyuan® Lian Yongjian® Geng Yanbing® Zhang Lingjun® Chen Xinyu'
(1. School of Information and Communication Engineering, North University of China, Taiyuan 030051, China;
2. College of Innovation and Entrepreneurship, North University of China, Taiyuan 030051, China;

3. Computer Science and Technology, North University of China, Taiyuan 030051, China)

Abstract: In view of the limitations of the existing style transfer methods in the data enhancement of water meters. In
this paper, we proposed an arbitrary style transfer algorithm based on large convolutional kernel (LKAST). Firstly, the
large convolution kernel is used to extract the style features for the style images, and the high-level features of the style
features are retained, and a new loss function is introduced to better preserve the content of the migration results.
Finally, the effectiveness of the method was verified by two groups of controlled experiments. Experimental results show
that the proposed method can simulate the water performance field environment while retaining enough content
information, and the accuracy of the SSD object detection algorithm is increased by 6.84% and YOLOv5 by 6.56%
under the premise of only changing the data augmentation algorithm.

Keywords: data augmentation; large convolutional kernel; style transfer; loss function
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Table 1 Comparison of style transfer algorithms
JHE I #% B k SSIM PSNR
Johnson™ 0. 85 18. 21
AdaIN 0.73 13.55
SANet 0. 77 15. 29
ArtFlow 0. 83 14. 88
CCPL 0. 81 17.93
EFDM 0. 74 13.91
VNS 0. 87 18. 93

(a) Content (b) Style (¢) Johnson (d) AdaIN

(e) SANet
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Table 2 Comparison of style transfer algorithms

SSD H#r#zill mAP/ %

n
3 93. 14
5 94. 58
7 95.22
9 96. 13
11 94. 89
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Table 3  Accuracy of object detection algorithms (%)
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Fig. 8 The failure case of our method
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