5562 % 45 1 OB Y M ¥ R Vol. 62. No. 1
2019 4F 1 f CHINESE JOURNAL OF GEOPHYSICS Jan. ,2019

EERW . BESCHL, XUGAREE. 2019, BT RHERS R CNIN (¥ 52 BE AL 75 il bR #1224 . 62(1) :421-433, doi: 10. 6038/
cjg2019M0385.

Wang Y Q. Lu W K, LiuJ L, et al. 2019. Random seismic noise attenuation based on data augmentation and CNN. Chinese
J. Geophys. (in Chinese),62(1):421-433,doi:10. 6038/cjg2019M0385.

E F# IR F0 CNN B3t E BEHLIE 75 & #l
EEHL BRI A A R A

1 iERRE NI, Jbat 100084

2 FREHAR S REEFKESLWE, LT 100084

3 dbatFE BRE SHEARBEZRIR B L. Jbat 100084
4 ERRFE AR, dbnt 100084

5 P EA AR A ROE R BE . ILARARE 257022

WE  ERMZL M4 (Convolutional Neural Network, CNN) & —Fh 3 F 548 4K 2h 14 2% > 535 . 8 b T 1% 58 I FRAE
PRICEN 4325 1 5 B B AL FRAT: 55, ) 02 N T o S LR 2 0 & A S AE BRI B N 2 0 b AR O 2 R
CNN () 4" o7 32 B0 BR L A %3 — [) B0, AR SCHR T — i 5 1 B0 A BRI ) 19 732 8% CNIN 6 R AE B, %
B BB » A% SO T M b 52 B0 VS T AN 5] T 22 1 o ST R S L G T S A RN R AR S B T NRE AR Y CNIN )T 2R 4 T
52 o R AR+ E T 0 I AR A5 B T BN R R R A I SR AR AR R SR Y — i L DA TC AR 4 S PR A TR 4K
0t 2E bR 25 B A 0 T ik AR I R AL R O vk L JRATTRN T B AT T A Y 2 W T vk DA S BR R R TP o) B R AR Al i T
VR AR TR RS L T S AR T S LA RSO S S S R R LA AR R M A A N T R
SERR S SE B 45 R R T AR T F-X SR8 AL, BM3D i 3 07 A 3R 3 0k B0 A S0 12k B T G S AL MR R
PH SRS BT A SR ARG 2% Al AL 7 0 £ CNN ML AT TR R, — E T H R T NG5 — 2
2 ] VA

KB GRS BURH T MR RS b4 4% T Ak

doi:10. 6038/ cjg2019M0385 hESES P315 W #a B HY 2018-07-05,2018-12-03 W& Efa

Random seismic noise attenuation based on data augmentation and CNN

WANG YuQing"***, LU WenKai"****, LIU JinLin"***, ZHANG Meng’, MIAO YongKang’
1 Institute for Artificial Intelligence , Tsinghua University , Beijing 100084, China
2 State Key Laboratory of Intelligent Technology and Systems, Tsinghua University, Beijing 100084, China
3 Tsinghua University Beijing National Research Center for Information Science and Technology . Beijing 100084, China
4 Department of Automation, Tsinghua University, Beijing 100084, China
5 Shengli Oil field Geophysical Research Institute of Sinopec, Dongying Shandong 257022, China

Abstract Convolutional neural network (CNN) has been widely adopted in various research fields of
computer science. Combining the process of feature extracting and classification, CNN greatly
simplifies traditional data processing task. However, as a data-driven algorithm, the generalization

ability of CNN is limited in the problem of seismic noise attenuation which lacks labeled data. To
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solve this problem, we propose a CNN training framework based on data generation and augmentation
for seismic noise attenuation. When processing synthetic data, we add Gaussian noise with
different variance levels to clean seismic data and further augment training datasets to increase the
diversity of features. For real seismic data, the clean data and corresponding noise are hard to
acquire, thus we propose a method to generate labeled datasets directly from unlabeled noisy
seismic data. In the proposed method, we apply existing denoising method to obtain the estimated
clean data and estimated noise from real seismic data. The estimated data retains similar texture
characteristics with clean data and the estimated noise has similar probability distribution with
real seismic noise. We compare our method with F-X deconvolution, BM3D and adaptive frequency
domain filtering method. The experiment results demonstrate that our method can efficiently

attenuate random noise while preserving signals. Finally, we adopt neural network visualization

methods to our CNN model and the visualization results explain the texture patterns learned by

62 &

each layer of our network to some extent.
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Fig. 1 The structure of Denoising neural network
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(a) Real data; (b) and (¢) The denoising result of traditional method; (d) The filtering result of (b).
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Fig. 3 The denoising results of Sigshee

(a) Noisy data; (b) Clean data; (c¢) The denoising result of F-X deconvolution; (d) The noise data obtained by F-X deconvolution;
(e) The denoising result of BM3D; () The noise data obtained by BM3D; (g) The denoising result of our method; (h) The noise data
obtained by our method.
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Fig. 4 The SNR map of Sigsbee
(a) Noisy input; (b) F-X deconvolution; (¢) BM3D; (d) Our method.
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Fig.5 The denoising results of F3, Part I

(a) Original data; (b) The denoising result of adaptive frequency domain filtering algorithm; (c) The noise obtained by adaptive

frequency domain filtering algorithm; (d) The denoising result of our method; (e) The noise obtained by our method.
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(a) Original data; (b) The denoising result of adaptive frequency domain filtering algorithm; (c¢) The noise obtained by adaptive

frequency domain filtering algorithm; (d) The denoising result of our method; (e) The noise obtained by our method.
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