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Abstract

Dictionary learning, as a research hotspot in recent years, has received widespread attention due
to its advantages in sparse representation. This method constructs a suitable sparse dictionary to
represent seismic data as a linear combination of atoms, thereby achieving effective separation of
seismic signals and noise. However, the traditional K-Singular Value Decomposition (K-SVD) dictionary
learning algorithm, although exhibiting good adaptability and denoising performance when applied
to seismic data denoising, still has some shortcomings. This article innovatively combines statistical
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theory with the traditional K-SVD dictionary learning algorithm, improves it in multiple important
steps, and proposes a new optimized dictionary learning denoising algorithm. And through denoising
experiments on synthetic seismic data and actual seismic data, it was verified that the optimized
dictionary learning algorithm proposed in this paper has significant advantages compared to the
traditional K-SVD dictionary learning algorithm in multiple dimensions of measuring denoising ef-
fectiveness.
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1. 5|8

i 72 HG A A T I R TR A 5T AL RIS, MR AR RS (U B DO P RS S 5 o FEH R R AR I AR
o, SZERT S AR UL P S A AR S, BRI BAE S A AL Bl R 2 A AR B, 1D
W B Z PR YRR T WA IRE . B 2RSS, SEIERE TR, dEmgm s
1) 1 R A A P S AR 1]- REF _Ref19978 \r\h [5]o bR HHE 23 M (A% 0 H bR, A2 DA 75 8k 19 J5R 463 B0
HER U LSRRI RS 5, D O R IR A0 AT AR AR B 4 T S ) K B

F- 4% 2] (Dictionary Learning){F N —F&E & 15 5 Fm 0K, TR O 2 M H T EHE LB 15E&
WU DA SRR 7 A 55 2 AN, R RIF & Rt 5 R I T AR 7305 2] IR e th 2 iy, —48
FEREPERIRT I A N H R R BEE T BB HELE[6]-[10]. 1999 4F, Engan 2 AN ¥ XIRH T MOD (Method of
Optimal Directions)5i%, 1X A2 i 5 M IR B 7 3L 52 5] 5[ 11]-[19]. FokZ 0o AR Jefil e w4, FH
Wi gmid(dn OMP. BP):KRME(E T IMEE R, HEEMRRE, EHIm U /MEERIRZ. MOD Jf
EIEE T R T A o) B ST ), AR B RS FR RO T, USRS ZE . 2006 4, Aharon. Elad
F1 Bruckstein ##1H 7 K-SVD (K-means Singular Value Decomposition) 5%, XrEHE 782 > Jikm iE
BEA[19]-[25]. K-SVD RAEAE B ug: EMmmamiairB: {8H OMP (IEAZ VLG IE B7) 55 77 1 K i i
F2HG AEFIEEEB: M A RE (S VD) R R T, PR MEERIRZE

fEGE ) K- 58 70 iR (K-SVD) 7 827 =) B B T e s 25 g i feh, RS BRI T R
WA R RS, HANAFAE AN R 2 AL anE o R ARG AR R R e M S5 B = Bk, DL
THEARER. Nk, FTXES K-SVD 7B T AL E S N BE S s M B s 5 - BT S, DASE T
ZMAEREIFOREE B 2 I IR AR RS B0 B0 AT 7 3 S RORAE M R LM R th A R 5Pk, AR
H—F At K-SVD - it 2% 3] 8005, a8 J Uk 25 W 07 VAR it 7 10 5% R S B b 7= A s I OB A T
SEEG, NG UF % 5 B SEI B AT A S 0, SR AP RE .

2. Big /&
2.1. K-SVD FHZESE %

FE R R IR T, A FRIRZ M2 RE, Hit TR MEZR AT, WA AR AT R
XL PRI AS S IR, SN R S5 M O HERR RS . AR L RIR DT IR AN BAR . USRS
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(EMD). fARHFE I AR SEAFAE— B R PR, a5 Sk X5 =M 75 & B GE 775555 . K-SVD (K-Singular
Value Decomposition)7 # 2% > HIERERS G N ) BUARRHIE, REESMBR RGeS, 16 REEE %
g7 T FE B M R AP R
e M ERARAERE X e R™ , Horb m NESKIEZ, n NIEH, K-SVD EidH/MELLUT BAREHCR %
M D B R A:
min[[X ~ DA 5.9 [, <7, (1)

H, DeR™ NHEJB[BIFI, K NTFHRIEFHNEG Ae RV ARRFRENE: T, £H5E L3 R
AN S £ R T AN IR PR

4 K-SVD F #2751 E 2P IR

1) Vg7 © BEALIE SR AR R SRR X RN & S A VIGG ) @ %4E
—ANFHAE RYIUE 7 (W DCT).

2) FBidnhid: 7EE &7 D WESLR, f#H IEASILACE B (OMP) SR AR BT %R R 5L 4.

3) FHEEH: TR E REEOR A BT, A FERSVD)EHT 7 D BA IR T,
PR SAFAE, IR RRAE .

4) ERFEHT, HEWSE ERIERIEL.

K-SVD 7325 3] S fE i Hcdie e b (S P bR R 250 % 0 A 4 B R S
K-SVD i % > B A5 5 (10 G N 3, [H RS 5 REE1Z T 30 DARIR R, 1 75 350w LA A
ik, ML

HARGE IR R
1) Bdf BALHE: R M R AR X, BEATARAEA (B IME . AT ) BB T IORAN kR
FET,.

2) K-SVD FH2E>] . fiH K-SVD YIZh Hi& N % )73 D, It EME &R 4.
3) E5EM: HAAER DA #ATEY.

2.2. TUHERSH

DU 5L 36T T3 %2 3 (Bayes’ Theorem), 450U s BAEIE U, MEMERAET, Mimdkir
HEEE . Al TR

DU 307 5 BRA IR TR SRR IS BB U, Wie] BEH N AR A= IR 4 A
p(X[0)p(0)

p(X) (@)

p(0]X)=
Sop,
p(01X) AERAMER, FoR WA X 2 )5, S8 oMENIEER. p(X|0) MMARY, FrlkEs
BN O, R X R I
p(0) MMM, FoRtERWEIIERT, #0154,
p(X) HEHE, FoRMUR X R B

p(X)=] p(X[6)p(0)a0 ®

DU AR AE T BERSEE S SRR AR, ERUE A SR I RE SR AL & BEROHEWT, JF Hag it
HATH B b b
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2.3. BT MRS R E 8%

TEAE S K-SVD 5 2] 5k, Mgt — D3 [ H OMP. LASSO & 7xCo s Ltk 7 ikt 4T
SRARE o AR Tyl R MU E MR 2, FERFIH B A 5 St Rk . DU OMP (Bayesian OMP,
BOMP) & X f£ 4t OMP SEMISGEIRAS, G Be 51 AM R gmig i By, it 25 & o 36 o0 A Fling s A 7y,
XM R BOEAT IRl TE, ATIBE =y 17 R P R B AT & S RE ). AR TAE 48 OMP, DU Hi OMP
AT R 8 T I b~ B A R ZE AR B, I RE SR = A SR AR E 1, I T R A A RUE
Lgrs, fEHEREUR S S AT, RIEW RIS

DU OMP 8 F R A

TREMNE T x TR R o FLLFH D AR, I b s g .

x=Da+s ¢~N(0,0°1) (4)

1) Jeiefiix
O Wi 28 o RMFEBRSEH, T LUAE FH e 20 A o i 3 — e iR & 20 A«

P(a)= ngﬂm\ 5)
o, 2 I -
@) M7 At 4 93 A -
P(x|D,a)=N(Da,o’I) (6)

2) Js R
RAE DU AT, Bds it 5
P(al|x,D)x P(x

D,a)P(a) (7)

B T R 3 A AN FTREENT, BOMP R HIfi K B Al T+ (MAP) AR 73 HEKT R Al T4 55 52 4L
DUt OMP 5L D BR:
BOMP X 5144t OMP RIAIZ D L FE T 5mE, (HII N T DUl vk 2B AT A4k -
1) #Iaath: BOERZE r=x, JRTRINEES=0, WIHWGHH oa=0.
2) DUrHH JE
O HHEFIE TR, R R REM T IR T
j= argmjaxP(aj |x,D) (8)

Hrp, P(aj |x, D) AJ 3k AR 4y DL s K S 3 Al TH(MAP) ALK i .
@ el KA D IR 25 (Mahalanobis Distance) K3 5 JR 1% ) S48 1

: [p}]
j* =argmax ©)
i o
Heb, o, B)ERA TSR], AR IR AR
3) EHMGR: L TIET S, A DU A O i AR K
oy = argrnin{"x—DSoc"2 + /1”05"1} (10)

TR I AT DA P DL S8 2 2 [ )1 390 B i AL (M) SR IR AR
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4) TR
r=x-Dgag (11)
5) Wil A S FIW: £S5 OMP F B MBS T, 11 BOMP i i 5 )5 I M A W Slos A1 B &
{1k
P(a |x. D) <Mifl = FILIEA (12

243480 1) JB T SRR AR AN, MR L
3. B{ESCL

ONBAIEAS SR 2 T GE it BEAE 00 7 i 2 29 B30 Hh R e 5 MR X DL, 2 R P (ELDE I8
PCA. K-SVD P AT 53500 B i 2 54 M St 72 B i A7 08 B SIEBG:
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Figure 1. Synthetic seismic data

B 1. SRR

1) B, I8 X EAH R A RO AR R MG R FR A, SRR SR BRI BE AL RS, AT AL IE H
W bih PR A, VRN SEIG XS R AT LR . ] 1) R A e R A, RSP 128 x 128, EPEL 128
i, FHEAE 128 ANKEEA, SREENS A E RGN 4 ms. ZEIEIERE B INFRUEZE A 0.1 BIBENLME RS (K 1(c)),
AR 1(b) BT & Mt TR 2 o AE A ST IR R AR AT 7T rh . i in () BE AL 5 241 0 I FH randn R R
P24 . HT randn BREE AR DR ARAIIE N 00 ARUEZE N 1 BRI IEA 0 A (B i AR BEHLEL R
NI ALE 75 J T v g s

XF T LM, 1% B T LR R A 2 M S A e LU AR IR, R SR A M b Sk Al 2 5
B I 2 AR o A R LU e SO T G b R BN 1) T 2 5 e P R 1 Th e 2 LA UG 3, PR A 10:

wm@@:wg% (13)
Hrr, P RIE5UE (power of signal): 1 HJFURE 5 BT 77 AIIIME; P, 275 D)2 (power of noise): it
SRR T (B A A ek 25 R AR 15 ) M F O R 38ME s SNR: A FIR A -G MR, BA7 024 DL(dB).
SIS RN 1 s, WRPATLLE . X1 B [R5 e b i [R] — 2 M 3 732 B4 kAT 2o g b 2
JURR 228 7 VR AT LASE iy b R B0 BB e L . AHER T HR B R AT PCA XML 48 0 73, 7l )
JPEEG R T — DA AN L, BRSO VAR M S (S b SO B T K-SVD k. &2 ik
BRI A IE R « PCAL %48 K-SVD AR S5 500 15 1 b 78 K004 25 08 J5 1R 285 SR DL R B BRI s . A
R DLVE A AR T G B AL T S ) TP T A =M, EERE
BN P ) FR, B REHE— DR A U5 5, BRI A SO H 1) 75 VA7 M RE 00400 Ab 3887 ) b B A SR AR 1)
FEMERE .

Table 1. Denoising signal-to-noise ratio for different methods (6, = 0.1)

%= 1. RS EERERL (0, - 0.1)

B bh = s FRE I U PCA K-SVD AT
SNR (dB) 1.92 424 5.06 7.70 10.54
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Figure 2. Denoising effect and noise removed by different methods

2. RREIFEERYR K EIREIES

TRIREFREE TR RBREEERRELREE

12 +—
i\»\'

\

o

{&RZLL (dB)
o~

—o— PCA
—m— K-SVD \
_2 .

| —a— EXXFE
—— PERER )
0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55
IR EE

Figure 3. Signal-to-noise ratio curve under different noise intensities
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3.2. SCPRibEHIE

DR B8 AIE A STT 8 ) b 7% A0 2% MR B VR A S b R A AR B P ORI T 2R S B oR R
M I - P 4(a) fon Tzt i, 3% 73 08, RHEEE 5999 MRFE A, RIGHREIL R TR R FE
KETC RN BEALE 7S, 7™ B TP T A 2805 5 AR S R, i AR ST 0T it R B b 4T 1 2 1
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Figure 4. Denoising effect of the method proposed in this article on actual seismic data
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B O
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