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Inverse scattering series algorithm

D,(ky, kg, 2'") Dy (ky, ky, 2") Dl(kg'kl’z)

Vg

tIM=t1+t3_t2

Actual depth relationship:

71> 7, and 2. < zs

Lower-Higher-Lower
(Weglein et al., 2003)
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2D IM prediction algorithm (Weglein et al., 1997,2003)

Primary 3

b3, (kg ks ) = (2n)2 f j dleye191(29785) |, e ~192(29=5) ] dze‘(q9+q1)2'b (kg,kl,z)i

Z—E€ +0co

where Qx = — |1 ——"=—; k;=qg4 +qs; z ===
z is the Pseudo — depth which satisfied: z > z' and z' < z".
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by (kg ks, z) Construction

The procedure for getting the input was given by
Innanen (2012):

1. Start with the dataset d(x,, x;,t) ,
2. Fourier Transform from (x,, x,, t) to (kg, ks, w),
d(xg,xs, t) — D(kg,ks,a))

3. A change of variables from w to k, (where k, = q, + q5),

D(kg, ks, w) = D(kg, ks, k)
4 Then scaled by —i2qq,

bi(kg, ks, k;) = —i2qsD(ky, ks, k;)

5. Inverse Fourier Transform

bi(kg, ks, k;) = bi(kg ks, z)
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Pseudo-depth monotonicity condition

source A source B receiver C receiver D

0 g v v

21

(Weglein and Nita et al., 2003,2009)

actual actual pseudo pseudo
Zq > Zo < 7z > Zo
actual actual &
Zq > Z, = ty >ty
actual actual CoT
Zl > ZZ = Tl > Tz zZ = — ?
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Pseudo-depth monotonicity condition

(Nita et al., 2009)

_ Co — Co
Vx = / sinf Vz = / cos6
. 27 220059
Intercept time: T = <4/, ;
0
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qsZq =
k,z, =wt, (1)
Y1(Zp — 24) =W(Tp — T4) (2)

2WcoSsQ
where y; = Q15+ q1g = ———

C1

k,z, + Y1(Zb B Za) = WTp (3)

k,z, = wrt, (4)
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1.5D IM prediction in (k,, z) domain (Weglein et al.,1997,2003)

Assume k, = 2q, = 2q5; kg = kg;

bglM(kg,a))= J dze‘kzzbl( ,7) J dz'e” ‘kzzbl(kg,z) sz”e‘kzz"bl(ﬁ,z”)

z'+e

w
where ax = — 1-— —
0

kXZCOZ .
’

CoT

Z is the Pseudo — depth: z
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1.5D IM prediction algorithm in plane wave domain

In (k,, z) domain, d(x,,t) = D(ky,w) > D(kg, k;) > by(kg k;) = by(kg ks, 2 )

5 O

kg = asm@ = pgw = (p, z ) domain: D(pg,a)) - D(pg, kz) - bl(pg,kz) - bl(pg,z)

(p, z ) domain : (Nita and Weglein, 2009)

: Z—€
|
: b3y, (g, @) = J dze'*99%by(py, z) J dz'e™ 2907 by (g, 2') j dz"e290% bl(Pg»Z”)l
! z'+e
L e e e e M MMM M M M M M M M L M M M L L L e M L L L Lo I
where Qx = Cﬁ\/l — px2coy?
0
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1.5D IM prediction algorithm in plane wave domain

k,z — wrt

k,z=wt =
’ { bl(kg:Z) — b (p,7)

(p, T) domain : (Coates and Weglein, 1996)

T—€

|
|
: b3IM(pg,a))— j dre“‘”bl(pg,r) j dr'e T bl(pg,r) jdr"e“‘” bl(pg,r"
|

' +e

where p is the horizontal slowness, or ray parameter,

T is the intercept times for primaries.
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b,(p,z) Construction

Similar to the procedure given by Innanen (2012):

1. Start with the dataset d(x,t),

2. Tau-p Transform from (x,t) to (p, 1),
d(x,t) - D1(p, 7)

3. Fourier Transform from 7 to w,

D1(P, T) - D(p, C())
4. A change of variables from w to k, (where k, = q, + q,),

D(p,w) - D(p, k,)
5. Then scaled by —i2qq,

b1(P, kz) — _iquD(pl kz)
6. Inverse Fourier Transform

bl(p; kZ) - bl(p;Z)
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b,(p,7) Construction

1. Start with the dataset d(x,t),
2. Tau-p Transform from (x,t) to (p, 1),
d(x,t) - D;(p, 1)
3. Fourier Transform from 7 to w,
D;(p,7) » D(p,w)
4 Then scaled by —i2qq,
bi(p, w) = —i2q;D(p, w )
5. Inverse Fourier Transform
bi(p,w) = by (p,T)
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IM prediction on synthetic data

Velocity Model Raw seismic data
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IM prediction on synthetic data

data(p,tau) data (p,f)
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IM prediction on synthetic data

Input dataset b1(p,z,w) Input dataset b1(p,tau)
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Time t (s)
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IM prediction on synthetic data
b1(p,z) stacked over p
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IM prediction on synthetic data

Input data: b,(p, z)

Prediction (p,tau)
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IM prediction on synthetic data

Raw seismic data Integral of b{(p, z) Intergral of b{(p, T)
Raw seismic data Prediction (x,t) Prediction (x,t)
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Time t (s)

IM prediction on synthetic data
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Time t (s)

IM prediction on synthetic data
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IM prediction algorithm (2D) in the plane wave domain

1 . . .
bSIM(pg;ps: w) = (21)2 jJ dple_lql(eg_SS)dpze_lqz(gg_gs) j dzel(qg+q1)zb1(pg;p1:2)

Z—€ 4+ oo

% j dz'e"l@1ta2)z'p (p, p, z") | dz''e'@2+a9)2"p, (p,, ps, z")

z'+e

1 : . .
bBIM(pg’ pS' a)) = (277:)2 jj dple—lw(Tlg_Tls)dpze—la)(TZg_TZS) j dTﬁrbl(pg’ pl, T)

T—€ +00
X j dt'e " T b (py, P2, T") f dr”e“‘” by (2, s, T'")
' +€
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Conclusion and Future Work

Inverse Scattering Series algorithm also works for predicting IM in the plane wave
domain, both in (p, z) domain and in (p, t) domain.

An improved numerical accuracy and reduced Fourier artifacts IM prediction can be
generated by using inverse Scattering Series algorithm in the plane wave domain.

The procedure for generating the input data in the plane wave domain is greatly
simplified.

Free-surface multiples suppression with a predictive deconvolution often works better
in the plane wave domain.

We believe the plane wave domain is a promising way of posing full 2D versions of the
algorithm.
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