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Deep learning full waveform inversion (DL-FWI) is an end-to-
end and time-efficient high-resolution imaging technique for
subsurface media.
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Popular methods are often plagued by location drift and significant
velocity misfits at the stratigraphic boundaries.
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We propose an augmented boundary attention algorithm
(ABA-FWI) to focus on the key boundary information.
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The Architecture of ABA-FWI
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Fourier Transformation

PR T AR A AR R 2240

y1=sin(5t)* (0<t<25)+sin(t)* (25<t<50)

, . y2=sin(t)* (0<t<25)+sin(5t)*(25<t<50)
i Sl : ; 1 o s T T ; ‘
M o 7T T N T
O'B‘H ‘ H ‘ ‘ [ “ ‘I] (\| 1 o8 I/l ‘,\ ‘ ‘ ‘
| || | 54 | | |
o6 [ | o (“ I“‘l ‘H 06 | “" H “ f
l4 |
04 | i ‘f \‘ . ‘J | - “ ‘I ‘| | \‘ | “‘
|
R A AR
‘ N L i
> it SO
=
|l \ \ |
-0.4 1 | \‘ ‘| \ I‘ ‘I “ \‘ 04} \‘ |‘ | ‘ . | ‘| It ‘
‘ [ | l b i
a A U AR T
|
08| |l | || I\‘r 08l ‘.‘I \\I || 8
Il BN 0 U ]
LT A1 VL VIR VI L0 W LY Yl I L
0o 5 10 15 20 25 30 3 40 45 50 0 5 10 15 20 25 30 3 40 45 50
t t
e Single-Sided Amplitude Spectrum of y1 ik Single-Sided Amplitude Spectrum of y2
045 0.45
0.4 0.4
0.35 0.35
03} 03
Zozs Zo2s
3 x
02 1 02
0.15 E 015 i
e | {
0.1 ! 8 0.1 fl
0.05 L 1 0.05 b.
0 : ‘ 0 - ‘ ‘
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70

w (rad/s) w (rad/s)

BIUHASHLE T EiR7E

FAttern Recognition and NEuwral Computing

ParN.C

LM ARG S, AT DA R O )
IESZANAR T2 B

1)~ % 4 3 [awcos( Z22) 4 bosin (272 )] = 37

3 n—=—oo

18 B AR 4R (% 0 AR AS 5 70 A OB SR AR 1) I X A
RZPIBIN, MRS 5 AR (s B30 2 #e 2]
P, ANEER A I

F(w) = f_ et t

R SERRNAPEERENIEFRES, £/ ESM
B IR AR BB PUR I BR, ER TR ZEER



BEIGHAISHLEIT 87

FAttern Recognition and NEuwral Computing

I Method PapNP_[:

Wavelet Transform
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1. WTconv layer [1]

Haar /JvERE] ) :
1, for0<z<1/2
P(x)=4¢ -1, forl/2<z<1
0, otherwise
l—_

i)

L Ll 111 -1 Ll 1 1 1] 1-1
low-frequency horizontal, vertical, and diagonal high-frequency

[1] Wavelet Convolutions for Large Receptive Fields. (ECCV, 2024)



BIUHASHLE T EiR7E

FAttern Recognition and NEuwral Computing

| Method ParN,C

2. (spatial attention module) SAM

Feature map ~ k' Spatial attention
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This approach recovers previously neglected spatial information, facilitating precise
boundary localization and clearer delineation in DL-FWI.
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3. (reflection coefficient tuned boundary) RCTB loss function

Canny: e =E(®). (5)
(C &3] k)z 5= max €;_ ;. (6)
i »J—1
7@, j)eDk)
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o : il 1 i 1 o g |
R(v, p);; = 1 Pi.jVijt+ pi-1,jVi-1, (7)
@ © 0, otherwise
Fig. 3. Flowchart of calculating the reflection coefficient tuned factors (a) real velocity map, (b) obtained by (5), (d) obtained by (7), (c) and (e) generated
after dilated (b) and (d) according to (6), respectively, (f) Hadamard product of (c) and (e), and (g) obtained by applying (9) on (f). 0 l f B s 0
5 ij —
Smij=41, if|r| =T 9)

2, otherwise

N 1 n m i
Lboundary (v, V) = S Z Z W(V)UG(V* v):‘j
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COMPARISON RESULTS OF THE EVALUATION METRICS ON TEST OpenFWI1 DATASETS

Dataset Method PSNRT SSIMf UIQf LPIPS (x10—3) | MSE (x1073) | MAE (x10~3) | BMSE (x10~3) | BMAE (x1073) |
InversionNet o 41.590 o 0.986  0.852 o 1.987 0 0.141 6.527 0.502 0 9.371

FlatVela  VelocityGAN 40951 0.984  0.852 2.769 0.161 0 6.515 0 0.408 9.504
DD-Net70 38.269 0.971 o 0.854 2.736 0.262 6.954 1.088 13.996

ABA-FWI @ 49.105  0.991 e 0.856 e 0.310 ® 0.027 ® 2.977 e 0.083 e 3.755

InversionNet ~ 32.209 0.943 0.836 18.303 0.764 12.160 3.497 29.232

FlaFaulta  VelocityGAN - 31258 0.943  0.835 o 16.985 0.934 12.480 4.418 31.810
atba DD-Net70 o 33.026 o 0.951 o 0.842 17.628 o 0.606 o 11.566 0 2.571 0 26.358
ABA-FWI @ 34.977 e 0.964 e 0.843 ® O.887 ® 0.423 ® 8.871 e 1.923 e 19.691

InversionNet ~ 23.280 0.793  0.842 71.505 5.815 37.676 14.915 65.688

CurveVela  VelocityGAN  23.249 0 0.802  0.844 o 66.238 5.825 o 36.904 15.054 o 64.518
DD-Net70 o 23.519 0.763 o 0.854 85.501 o 5.327 41.103 0 12.273 66.775

ABA-FWI e 24812 e 0.850 e 0.865 ® 32.258 ® 4.073 ® 31.965 e 10.308 e 53.147

InversionNet o 28.335 0 0.910 0.827 0 20.201 o 1.797 o 16.964 6.933 0 43.191

CurveFaulta VElOCityGAN 26,888 0.859  0.820 25.277 2.430 20.742 8.998 50.574
DD-Net70 28.086 0.896 e 0.833 27.089 1.887 19.629 0 6.442 45.389

ABA-FWI  29.879 ¢ 0.911 o 0.831 ® 15.587 e 1.207 e 14.707 ® 4.976 e 35.452
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Fig. 11. Comparison of inversion results on whether to use the WTconv 10
layer, SAM, and the RCTB loss. The comparative methods include ABA-Net,
ABA-Loss, and ABA-FWL

Fig. 8. Inversion results of three methods on three examples from the SEG
simulation dataset.
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