Transmission
Wave—

Equation
nvelope
Tomography

Jon Marius Venstad, NTNU ’ venstad@gmail.com

The ROSE Meeting, 25 April 2016



Vacancy: tomographer



Depth (m)

Vacancy: tomographer

Offset (m)
5000 10000 15000 20000

-

2600 2800 3000

2400

2200

3000

J00



5000

Offset (m)

10000

15000

Vacancy: tomographer

Offset (m)
15000

20000 o 0 5000 10000
8
g
o
8
g
g
S _
O E
8— ldeal —£
° B
g 8
=+ =]
3

2200

J00

3000 4000

2000



Vacancy: tomographer

15000

Offset (m) offset (m)
5000 10000 15000 20000 o 0 5000 10000
g
g
o
8
g
g
S _
S g
&8— ldeal —£
s
. :
g 8
=+ =]
3
o
g
g
8

J00

Offset (m)
5000 10000 15000 20000

-

1500 2000 2500 3000 3500 4000

20000

3000 4000

2000



5000

Offset (m)

10000

15000

Vacancy: tomographer

Offset (m)
0 5000 10000

20000

2800 3000

2600

— |deal —£

=
3
B
o
a2

2400

2200

5000

Offset (m)

10000

15000

J00

15000

Offset (m)

20000 5000 10000

— FWI —

1500 2000 2500 3000 8500 4000
Depth

15000

20000

3000 4000

2000

3000 4000

2000



Depth (m)

5000

Offset (m)

10000

15000

Vacancy: tomographer

Offset (m)
0 5000 10000

20000

3000

2800

— ldeal —£

2600
Dept]

2400

2200

5000

Offset (m)

10000

15000

J00

AN
Not plausible

N

15000

Offset (m)

20000 5000 10000

— FWI —

1500 2000 2500 3000 8500 4000
Depth (m)

15000

20000

20000

3000 4000

2000

3000 4000

2000



Depth (m)

Offset (m)
5000 10000 15000

Vacancy: tomographer

Offset (m)
0 5000 10000 15000

20000

2800 3000

2600

— |deal —£

2400

2200

J00

N

Tomography Not plausible

Offset (m)
5000 10000 15000

N

Offset (m)

20000 5000 10000 15000 20000

1500 2000 2500 3000 3500 4000

3000 4000

2000

3000 4000

2000



Tomographer candidates

RTT WET




Tomographer candidates

RTT WET

manual automated



Tomographer candidates

RTT WET

manual automated
picked events full data set



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation
steepest descent



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation
steepest descent
high complexity



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation

steepest descent

high complexity
works doesn’t work



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation

steepest descent

high complexity
works doesn’'t work

Is it possible to combine the best of both?



Tomographer candidates

RTT WET
manual automated
picked events full data set

cross-correlation

steepest descent

high complexity
works doesn’'t work

Is it possible to combine the best of both?

Dynamic Time Warping 4+ Wave Paths?



Automated time shift estimation: Dynamic Time Warping

Distance (km)
0 2 4 6 8 10 12 14 16 18

0.02

0.01

-0.01

—0.02

S a .
CC: W=60ms, L=—20ms, U=20ms



Automated time shift estimation: Dynamic Time Warping

Distance (km)
0 2 4 6 8 10 12 14 16 18

Time (s)
0.01 0.02

-0.01

o

CC: W=60ms, L=—20ms, U=20ms

—0.02

Distance (km)
0 2 4 6 8 10 12 14 16 18

Time (s)
0.005 0.01 0.015

0

—0.005

DTW: alpha=1e7, L=—20ms, U=20ms



Automated time shift estimation: Dynamic Time Warping

Distance (km)

0 2 4 ] 8 10 12 14 16 18 g
o
3
<
z
2 °
E
3
o
[
T «
i & & e - <
CC: W=60ms. 1.=—20ms, U=20ms s
uistance (km)
0 2 4 6 8 10 12 14 16 18 s
o
3
o
o
2
<
3
°
o
2
<
?

DTW: alpha=1e7, L=—20ms, U=20ms



Automated time shift estimation: Dynamic Time Warping

Distance (km)

0 2 4 6 8 10 12 14 16 18 w
S
=
s
=z

o )
B
F5)

g

S

i

v @

. 2

7

CC: W=60ms. T.=—20ms, U=20ms

Agree

Listance (km) Distance (km)

0 2 4 ] 8 10 12 14 16 18 ) 0 2 4 6 8 10 12 14 16 18
S
©
- S
2 ©
S S -
S
= 0 O
8 ©
o 8 o 8
£ s E- s
g 3]
o
°
@ w
= S
S
v [
8
S
7

DTW: alpha=1e7, L=—20ms, U=20ms

DTW: alpha=1e7, L=—200ms, U=200ms



Automated time shift estimation: Dynamic Time Warping

Distance (km)

o 2 4 6 8 10 12 14 16 18w
S
s
S

=

o o

B

)
3
S
[
®
53
T

CC: W=60ms. T.=—20ms, U=20ms

Agree

Listance (km) Distance (km)

9 % 4‘1 § ? 1‘0 1‘2 1‘4 1‘6 1‘8 s 0 % % § § 1‘0 1‘2 1‘4 1‘6 1‘8
2
o
o
- o
= ey
< o -
=]
o e 3
g< Similar »% 2
S B s
£
-
-
o 5
- o
o) [i
o
=
¢

DTW: alpha=1e7, L=—20ms, U=20ms

DTW: alpha=1e7, L=—200ms, U=200ms



Automated time shift estimation: Dynamic Time Warping

Distance (km) Distance (km)
] 8 10 12 14 16 18 0 8 10 12 14 16 18 o
° - 3 '
. e 3
3 -
° E E
=
o o o
E-
S
3 -
2 S
0 i !
. K8 o0
3 ;
i S 3

CC: W=60ms. T.=——20ms, U=20ms

Agree

Listance (km) Distance (km)

0

6 8 10 12 14 s 0 2
2
o
o
- o
=
s - B
=]
= o . z
5 g« Similar »% 2
§ = . E
£ £
-
o
. 5
o
[i

i
S
<
]
T

DTW: alpha=1e7, L=—20ms, U=20ms DTW: alpha=1e7, L=—200ms, U=200ms



Automated time shift estimation: Dynamic Time Warping

Distance (km) Distance (km)
6 8 10 12 14 18 18 0 8 10 12 14 16 18 o
- i 8 )
_ g 5
2 S s
. < Dissimilar -
B
3 -
g 3
0 i !
. N o
. S o"
I

CC: W=60ms. T.=——20ms, U=20ms

Agree

Listance (km) Distance (km)

0

6 8 10 12 14 s 0 2
2
o
o
- o
=
s - B
=]
= o . z
5 g« Similar »% 2
§ = . E
£ £
-
o
. 5
o
[i

i
S
<
]
T

DTW: alpha=1e7, L=—20ms, U=20ms DTW: alpha=1e7, L=—200ms, U=200ms



Automated time shift estimation: Dynamic Time Warping

Distance (km) Distance (km)
0 2 4 ] 8 10 12 14 16 18 g 0 2 4 8 8 10 12 14 16 18 o
S o
5 ,
S 2 s
= . B
: < Dissimilar ; o
) £
3 -
g 3
T Q !
N
B g et 2 @
CC: W=60ms. I.=—20ms, U=20ms I CC: W=60m=s. 1.=—200m=. 7=200ms !
Agree Disagree
Jrstance (my instance gkmy
9 % 4‘1 § @ 1‘0 1‘2 1‘4 1‘6 1‘8 s 0 % % § § 1‘0 1‘2 1‘4 1‘6 1‘8
2
o
o
- o
= ey
< o -
z
= o . z
5 g« Similar > 2
g 3 E- 3
& &
-
-
a 8
- o
n I
g
=
s

DTW: alpha=1e7, L=—20ms, U=20ms

DTW: alpha=1e7, L=—200ms, U=200ms



Depth (m)
490 290 0

690

890

590

What is a wave path?

Offset (m)
1q00 1?00

2000

000




What is a wave path?

2000

Offset (m)
0 500 1000 1500

o | I I

=

S Ray path
—~ O
ES
5 A
a

o
83

o

3

eo]

000




Depth (m)
490 290 0

690

890

What is a wave path?

Offset (m)
590 1q00 15pO

2000

Fattened ray path

000




What is a wave path?

Offset (m)
500 10p0

1500

Depth (m)
490 290 0

690

WET wave path?

SQO

0

—6e+15 —4e+15 —2e+15



Depth (m)

600

200 0

400

800

000

590

What is a wave path?

Offset (m)
1q00 1?00

2000

Wave coexistence




Depth (m)

690

0

000

590

What is a wave path?

Offset (m)
1q00 1?00

2000

ZQO

490

890

Wave coexistence




Depth (m)
800 600 400 200 0

000

What is a wave path?

Offset (m)
0 590 1q00 1?00 2000

/—\

Wave coexistence




Depth (m)

600

200 0

400

800

000

What is a wave path?

Offset (m)
590 1q00 15pO

2000

N

Wave coexistence




Depth (m)

600

200 0

400

800

000

What is a wave path?

Offset (m)
590 1q00 15pO

2000

N\

Wave coexistence




Depth (m)

600

200 0

400

800

000

590

What is a wave path?

Offset (m)
1q00 1?00

2000

Wave path?




Wave paths are weights, lead to weighted solution

[p[(x, t) (1)

env



Wave paths are weights, lead to weighted solution

[p|(x, )] (x, ) (1)

env env



Wave paths are weights, lead to weighted solution

[pl(x. t)[p'|(x, t)dt (1)

env env



Wave paths are weights, lead to weighted solution

K(x)= [ [pl(x t)|p'|(x, t)dt (1)

env env



Wave paths are weights, lead to weighted solution

K(x)= [ [pl(x t)|p'|(x, t)dt (1)

env env

p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)



Wave paths are weights, lead to weighted solution

K(x) = L;:‘\/(x, t)L;z"J(x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

px0) = [ glxt'oxr, ol ), ¥ 3)



Wave paths are weights, lead to weighted solution

K(x) = L/;\\/(x t)’elZ/\J (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)




Wave paths are weights, lead to weighted solution

K(T)(x) = ]e,;)‘\/(x, t)|e[,31/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)




Wave paths are weights, lead to weighted solution

K(T)(x) = ]e,;)‘\/(x, t)|e[,31/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)

K(T1)(x)




Wave paths are weights, lead to weighted solution

K(T)(x) = ]e,;)‘\/(x, t)|e[,31/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)

K(TH)(x) = K(T-)(x)




Wave paths are weights, lead to weighted solution

K(T)(x) = ]ef‘\/(x, t)|e[,31/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)




Wave paths are weights, lead to weighted solution

K(T)(x) = ]ef‘\/(x, t)|e[,31/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t,xs, t')w(xs, t')d(xs, t') (2)

P = [ gttt ) oty @)

K(T3)(x) = K(T-)(x)
K(t')(x) + €
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Wave paths are weights, lead to weighted solution

K(T)(x) = \ef‘\/(x, t)|e[’37/‘/\ (x, t)dt (1)
p(x,t) = /g(x, t, Xs, t )w(xs, t')d(xs, t') (2)
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As(x) _ K(T)(x) = K(T)(x) (4)
s(x) K(t')(x)+ €
The model update is an average of the solution for
each individual event, weighted by their wave paths!
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Does it work?
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