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Iterative Least-Squares Method for Velocity Stack Inversion — Part A: IRLS method
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Abstract : Recently, the velocity stack domain is having an attention as a very useful domain for various processing in
seismic data processing. In order 1o be used in many applications, the velocity stack should be obtained through an
inversion method and the used inversion should have properties like the robustness to noise and the parsimony of velocity
stack result. Iteratively Reweighted Least-Squares (IRLS) method is the one of the inversion methods that have such
properties. This paper describes the theoretical background, implementation of the method, and examines the characteristics

and limits of the IRLS method.
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Fig. 1. Synthetic data for testing in raster (left) and wiggle format (right), respectively.
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Fig. 2. LS inversion result (right) and its remodeled data (left).
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Fig. 3. IRLS (L;-norm residual) inversion result (right) and its
remodeled data (left).
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Fig. 4. IRLS (L;-norm residual) inversion result with various number of inner iteration steps: 2 step (left), 5 steps (middle), and 10 steps

(right), respectively.

M= 2482 2 percentile o] HFE= 7, = AES =7
2 AE3 Fo 59 2%} E3E = YR EAE= 12
AA goZE AMgEsin) 94t Al tid mdd AzFig.
35 2H A7 A9 £ 2719 222 Z AlASKE Li-norm
2] EAJ9l robustnessE & RoF3 QoA vl G YA &
sle 2k 2719 ZAe & AATS & 4 Utk

H HHEA oAbl CG WS AREEle] IRLS WS 7
ke dle F @9 HtEe] SHEA A shie Foi7
710 ek FAAS #E Feke Rl dolM Y Y
3o, i ThE Shis 71 wale] mje 9% ol

N FNAEL Tt ol £KY 5 9]

i

e
o

¢ i
r

o -

outer iteration {
W,=fr)
inner iteration {
solve for W,d= W.Hm
}

# compute residual weigirc

}

olz] gt W/ vhe 3jro] ARl AHg o]EF
o] EAYBIaL A oH, e A A AHAA
AREEA "ok B AtelAs o3 Ul e 3
A% AR E eiM AP S FsHen, o1 AAE Fig 4
o] EAIEIATE Fig. 49 Al 7KK A= 25 3038]9] 95 1t
55 HEsiem, Wi wkEe 747} 23], 53] 1283 1035
Ak WE 535 FolA 7P 2R 39l 28] W

YA FYSE PN WE FUSES A2 S Je

T
R

A3k slFoltt. A7 T wiE3Fe] Ade gAFeE
FARBIA veRdth A B dellMs 2E IRLS WY
Z-gahaa, W WHEg 23] Y

=

p

.
= L
o
=

Yl 7= (Weighting the Model)
AakA7 Aol #e] A7) (parsimonious) 5732
itk 2dd 7isg A48 5 itk &, &3k (forward) B

d=HW,n

HEAY 7R E H88 HE(m=W,n) dod Hot, 7t
B2 HaAsqite s dojAle e 2d EF L-
norm®] #4¢l e FHsHAl HEEZ thadt o] H,

lnly = n"n=m"W," W, m,

(12)

o] 715 Alell AMEE A FARHAl, #axbesoate] el
me] 32 ZAE 28 E (diagonal matrix)S TR 7o)
24 7ksR]et s,

diag(W,) = |m|® "2, (13)

Hi3lE riad rUe
*-2,, (13)
7t 5lo] 249 L norme] HAiskE = BE 75 A= M
g 4 U ‘

oluf, HARFHAake] o dFshs TS Hgde L T

m’|m| =|m|” = |ml,



Offset{m) Sloth(s2/mz2)

4.38e~-07

-~ 800 ~-400 ks 400
H

(s)yauuyy,

IRLS({L1-mod) model

IRLS(L1~mod) modeled data

Fig. 5. IRLS (with L;-norm model) inversion result (right) and its
remodeled data (left).
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