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Inverse scattering series algorithm

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

bSIM(kg;ks,(U) (27.[)2 jJ dkle_lql(gg Es)dk e ~1d2(gg¢5) j dzel(q9+q1)zb1(kg;k1;z)
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X j dZ’e_l(q1+q2)Z bl(kllkZI ’) f dZ”el(qz-l-qS)Z bl(kZikSJZ )
z'+e
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where qX:c_o 1—7; kz—qg-l-qs; Z_T

z is the Pseudo — depth which satisfied: z > z' and z' < z".
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IM Prediction in 1.5D (Weglein et al., 1997,2003)

Z—€

b () = j dze by ) | da'e b (ip ) f 2" e by 1y 2")

w ky*co?
where qX=—\/1— X 9

Z is the Pseudo — depth which satisfied:
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bi(k, 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, + q,),

D(kg, ks, w) = D(kg, ks, k)
4 Then scaled by —i2qA,

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 *] \v4 v

21

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

Zlactual > Z, actual o leseudo S Zzpseudo
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Zlactual S Zzactual . t1 S tz
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Pseudo-depth monotonicity condition

7 _wcosB*Z _Wra_ p
AsZq = Co a— "W, =dgZa
as
k,zq = wt, (1)

Zg

¥1(Zp — Za) = W(Tp — 7o) (2)

Z 2WCoSs®
where y; = qq5 + qi1g = c
(Nita et al., 2009) !
—Co — Co
Ux = /Sin0 Vz = /6050 k.zq +v1(zp — z4) =Wz, (3)
Intercept time: T = 22/, = 2290 k,zp = wr, (4)

Co

] UNIVERSITY OF

29 CALGARY
éj_.c{"?/'éﬁy

s CREWES



IM prediction algorithm in (ks z) domain (Weglein et al.,1997,2003)

bSIM(kg;ks,w) (27.[)2 fj dkle_lql(gg Ss)dk e ~142(gg¢5) f dZBl(qg+q1)Zb1(kg;k1;Z)

Z—€ 400
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IM prediction algorithm in (p, z) domain

bglM(pg,pS, a)) (27_[)2 Jf dple lCI1(€g Ss)dp e lCIz(Sg Ss) j dzel(CIg+CI1)zb1(pg’p1’Z)

Z—€ + oo
8 j dZ’e l(q1+q2)z bl(plr P2,z ’) j dZ”Gl(qZ'I'CIS)Z bl(Pz» Ps, Z )
z'+e
W
where qx = C—\/l — Px*Co?
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IM prediction algorithm in (p, T) domain

1 . . .
b31M(pg’pS'a)):(2n)2 Jj dple—la)(T1g—Tls)dp2e—la)(l’zg—‘fzs) J dTelebl(pg,pl,T)

T—€ + 00
X f dr'etoT b1(p1,p2,T") j dr'eto” b1(P2:Ps: ")
t/+€
wE
where Tyy = Y \/1 — pXZCO

gg and g5 are the source and receiver depth.

px LS the horizontal slowness.
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1.5D IM prediction algorithm in plane wave domain

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

Z—E€
bz, (pg @) = J dze'9%b, (pg, z) J dz'e™299% b, (p,, z") j dz"e9% b, (pg, 2"
Z +E
where qx = Cﬁxfl — Px2Co?
0
(p, T) domain: (Coates and Weglein, 1996)
T—€
b3IM(pg,a)) = J dre“‘”bl(pg,r) J dt'e 1T bl(pg,r ) J dt' elw? bl(pg,r”
T/ +e
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b,(p,z) Construction

Similar to the procedure was given by Innanen (2012):

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

2. Tau-p Transform from (x,t) to (p, 1), (codes from UA)
d(x,t) - D;(p,7)

3. Fourier Transform from 7 to w,

Dl(p) T) — D(pl (1))
4. A change of variables from w to k, (Where k, = q4 + q,),

D(p,w) = D(p, k)
5. Then scaled by —i2q,,

b1(P; kz) — —iquD(p, kz)
6. Inverse Fourier Transform

bl(p: kZ) - bl(p;Z)

CEE] UNIVERSITY OF _A'L
veril CALGARY '[
Fr; k! -:?.l’




b,(p,v) Construction

1. Start with the dataset d(x,t),
2. Tau-p Transform from (x,t) to (p, 1), (codes from UA)

d(x,t) » D;(p,7)
3. Fourier Transform from 7 to w,

D;(p,7) » D(p,w)
4 Then scaled by —i2qAq,

b (p, w) = —i2q;D(p, w )

5. Inverse Fourier Transform

by(p,w) - bi(p,7)
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IM prediction algorithm in (p, z) domain --- b;(p,2)

Velocity model dataset datafx.t)
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IM prediction algorithm in (p, z) domain --- b;(p,2)

data(x.t) 0 data(p.tau)
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IM prediction algorithm in (p, z) domain --- b;(p,2)

data(p.f) data(k.f)
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IM prediction algorithm in (p, z) domain

data(p.kz w) when w=0 and kz=0
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pseudao depth z (m)

Pseuso-Depth index
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IM prediction algorithm in (p, z) domain --- b;(p,2)

Input data: zero offset trace
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Prediction (p.tau)
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IM prediction algorithm in (p, T) domain --- b,(p, 1)
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IM prediction algorithm in (p, T) domain --- b,(p, 1)

dataset b1(p,tau) dataset b1(p.tau)
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IM prediction algorithm in (p, T) domain --- b,(p, 1)

Input data: zero offset trace
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Prediction b3(p.f) Prediction b3(p.tau)
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Conclusion

Integral of by(k,, z) Integral of b1(p, z) Intergral of b{(p, T)
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Conclusion and Future Work

Inverse Scattering Series algorithm also works for predicting IM in plane wave
domain, either (p, z) domain or (p, T) domain, with the same accuracy to (kx, z)
domain, even better.

Especially for (p, T) domain, it may save time because no resampling needed in the
processing.

Easier to get rid of Free-surface multiples in (p, T) domain, and prepare for IM
prediction.

Consider the effect of the epsilon value and dip.

A real 2D IM prediction.
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