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W OE. AT MR AR M % (Generative Adversarial Network , GAN) & 4 & 45 W & 15
(Ground Penetrating Radar, GPR) B 1§ B 5 /£ Il 25 R A8 2 9 19 22, 3% b ) R A A A 275 57 89
Wasserstein 3£ & 4 &, 3140 W % (WGAN-GP) 2 %, GPR B¢, 5+ 4 AP A TR £ 5 ik fo R
ERGI R T — A GPR BRI £ 09 7 % . A8 T R %5 GAN 5 Wasserstein GAN % 75 %,
WGAN-GP B # 304 #8 2 ME i L& A% 09 GPR A% & 338 A S R1E sk A ah 2 b &
% £ P Fo U-Net #0245 548 B T —AriE A& T GPR B89 55 4£ 5% £ % U-Net 7 ik . iZ 7 ik A A
U-Net W % 2 - A 25 )32 3 T GPR B4y o bbfb s R, B K 23095 A 3R T GPR B
1G04 AEZ R, B A% U-Net Dl %5 A8 8 . 5 , A A5 A RIS IIE T TR R uk ik e bt o
5 = %3 I Bz (BM3D) Fo U-Net 77 i3 47 7 bk . 45 R &AW - AT #2 77 3 55 BM3D A & U-Net %
Wy EAR, B PAFH AR R S o F T 20 8, A A N P L ICF A, SR AR
LRI T 29 6.5 ABF 2.4 dB; L5 MARMPE S 31 3R FT T 29 0.09 4= 0.04.

KA : GPR & 4 £ Hy3% ; GPR B 7% ; WGAN-GP; & 5 5% £ 3k
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Construction and DRDU-Net Based on Denoising Algorithm for GPR

Image Dataset

WANG Huiqin'", GAO Daqing', HE Yongqiang®, LIU Bincan®, WANG Ying',CAO Minghua'
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Abstract: To solve the problem of the training instability of the Generative Adversarial Network (GAN) in
generating ground penetrating radar (GPR) images, the Wasserstein GAN with Gradient Penalty is used to generate
the GPR images. Moreover, a new method for constructing the GPR dataset is proposed base on the Finite—difference

time—domain method and the measured images. Compared with the original GAN and Wasserstein GAN methods,
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WGAN-GP has better stability and the generated GPR images are more similar to the actual images. On this basis,

the Dense Residual Block (DRB) and the U-Net are combined to propose a Dense Residual Denoising U-Net

(DRDU=-Net) suitable for GPR images. It uses the coding and decoding process of U-Net to improve the denoising

performance. In addition, the introduction of DRB enhances the feature reuse of GPR image and makes U—Net

training more stable. The performance of the proposal is evaluated by simulation experiments and compared with the

BM3D (Block—matching and 3D) and U-Net. The results show that our proposal has better denoising performance

than BM3D and U-Net. When the variance is 20, the peak signal-to—noise ratio increases by about

6.5 dB and

2.4 dB and the structural similarity increases by 0.09 and 0.04, respectively.

Key words: GPR data set construction ; GPR image denoising; WGAN-GP ; dense residual block
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Fig.2 FDTD simulation model and results
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Tab.3 Performance comparison of different o- and

denoising methods
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40 S 22.06 25.88 26.55 28.46 0.77 0.84 0.86 0.90
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