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Abstract: The effective signal of seismic data reflects weakly and is affected by multiple waves, so
random noise interference inevitably exists. A method of removing random noise from seismic da-
ta based on a neural network-improved wavelet is proposed. The neural network model was used
to identify the random noise signal. The signal was decomposed by wavelet packet to obtain
multi-class random noise signal. The cascaded back-propagation algorithm (BP) network model
was used to extract multi-class random noise signals, the random signal suppression of seismic
data was realized. The experimental results showed that the improved wavelet method has a bet-

ter denoising effect on the random noise signals in seismic data, and has strong applicability in
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suppressing random noise in the seismic data in complex sedimentary geological structures.

Keywords: neural network; wavelet packet decomposition; random noise; denoising; BP neural

network
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Fig.2 Seismic waveform

I 70N A% 4 5 0k E AT Ml R A S B AL R 7S
B, BARNESE S —HMRE RS (o) M
— P EE A (o) DU R T S HUNE
TR L SR /N AR 48 T O AF 5 S A3 A AL B L AT AR
B 5 AR Ak rh i) A A (B 808 15 B0 I (E ) 2 26
SR AR S N AR 4 Bk Ay i 1 b
WL/ IN U R HGE 3 /0N A B R Ak B2 3 i R A B R
O3 3 5 b A AR AR AT B K A B AR 4y B R 5 4
— AT B . A BRI A 1 R BE 43 GO B 1
- UIE A0 S MR AR /N o R A
5 B 0 8 A e A
Zj(x'—Zo)j(zr—Zq)=Xm,,
Dliae) =425, =1 —0)
I FH 7N U A B A R A5 5 o0 i e 40y
sz‘,(n)zzj“s‘,(Zn*o)’
S () = D jus. 1 (2n —0) (5)

D

ERPR P o5, i) F s (o) A0 FE R R AT /N
WHREPREL ;7 (2 —20) Flj (2 —2q) 43 & BP M 21
246 BP0 Y AR o BB I 3 A RN AR Q A
B MRS SR A 5 X, N BB A E
AEE S S Q Hi MBI (1 — o) KLYk
PRS2 TT A 55, SB35 5 o BB
JONEVIN AR
1.2.2 gtk /N I8 2 o5 5 0040 i ML Mg 7

TR 5N 77 AR A R Bl A5 5 D 2 00 4 ) A 3
£ 100 Hz Z [6], 43 fiff J5 KL 16 > g it RPAIE 2% 2 1Y
sy, SRR H RS KR E R 0245, E L0
it AL I 75 R B A AN — B 22 R TR
SE BRI, SE BP 48 N 2% 9 1E etk N U AR e
v IF i 2 A o B AL R R R )2 0 E R 2 )
S a] 2 ¢y 4 BT Y R IE R 25 W e e A S it
W E B )2 K S R S A (B 2 200 1Y H R
H AR5 5 o 155 750 38 2o 30 7 W 400 A TR 9 0 b 7% 156 0
AR AR R R BE AL S 5 . BAR
BN 90Uk BP b2 X 46 A5 8D S ) Yk 4y 2 Hb R H bR
55 AR MU AR B AR F 5 Fh 2R S b B 15 5 L i
Hb RR AR5 AR A b 7R A Y SRR 4 = Fh B bR
155 R HYEE BP i 48 % 4% 52 B M 52 15 5 Bl HL e
P EER, =R AR E S 2l A 2 a M4, 9
HX BP #2225 R AN IK] 3 FTR .

PGP LD 7 PN
(55 S (s
BPHHZ& M 2% 21
BPHIZ 25 22
LPANG R LIP3 LIPNE
MRS HREES HRE(E S
v

B3 RBBPAZMWBHEER

Fig.3 Cascaded BP neural network model
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Fig.4 High frequency. low frequency. and intermediate frequency seismic signals
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Comparison between random noise filtering results using different seismic signal samples



480 Wom T OB ¥ W

2019 4%

H1 5 AT 5 JH A P Rl B 3 A B AR SOk B
A 3 2L 50 4 T R L e g L 38 R 22 e I I
PEREDE T H AP 505 . R I AS 3OO 1k 5 S0k 1]

400

t/ms

500
600
700

800
50 100 150 200

B
() AT7i%
100
200

300

400

t/ms

500

600

700

800

50 100 150 200
i
(o) XXHR[2177%
B 6 RE ke B X Rtk

Fig.6 Comparison between image denoising effects of different algorithms
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