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Contributions

Predicting stratigraphic units from well logs using supervised learning

e Novel use of the scattering transform as a feature representation of
well logs.

e CSEG 2015 expanded abstract, honorable mention for best student
talk.

e Published article in the CSEG Recorder (Jan 2015).

Reflection seismology as an unsupervised learning problem

¢ Generalized and automated a hydrocarbon exploration analysis
workflow.

e Reservoir discovery as convex optimization.
e Accepted abstract, to be presented @SEG (Houston, 2016)
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Motivation:

Inability to discover hydrocarbons
directly from seismic data.

Problem:

Automatically segment potential
hydrocarbon reserves from seismic
Images.

Approaches:

Physics driven (conventional)
Data driven (thesis contributions)



Ubiquitous in experimental physics.

Measure the scattering pattern from a known
source incident on a material.

Performed in highly controlled and calibrated

laboratories (laser sources, temperature controlled, / v

vacuums, etc...). e T == =7
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eflection seismology is a scattering experiment in “’A‘ £ Lo
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an uncontrolled environment. ‘m ot
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Migration

Shot Record Migrated Image

recelver position

Migration maps shot records of reflections recorded at the surface into images of the subsurface.
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Angle domain common image gathers

0

Problem:
Need angle dependent reflectivity
responses

Solution:
Angle domain common image gather
migration

z, Earth Model

R(#) at (X1,Z1)

reflectivity




Scattering theory (Zoeppritz)
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Problem:

Relate angle dependent reflectivity to rock

ohysICS.

Assumption: Ray theory approximation.

Solution:R(6) « Vp, Vg, p

Problem: Non-linear, not useful for inversion.




Scattering theory (Shuey)

R(H) at (X1,21)

0.9
- ZOoeppritz
2-term Shuey

08 ‘ Shuey approximation

01 RPP(H) — Z(AVPa AIO) + g(AVPa AVS) A,O) SiIlZ 9

Limitations:
................... Small perturbations over a background trend
.................... valid < 30 degrees

Benefits:
0 10 20 30 40 50 60 70 80 90 . e
heta [deq linear foriand g
invert using simple least squares
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Shuey term inversion as a projection

ADCIGs

Image for every scattering angle.
An angle gather for every slice.
A reflectivity curve for every point.

ADCIG atx; Rpp(!) at X1,z

Rpp
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Shuey term inversion as a projection

Rpp

¢ |deg|

Fit the reflectivity curve using a linear combination of the Shuey vectors.
Each reflectivity curve is projected down to two coefficients.




Shuey term inversion as a projection
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Reduced the dimensionality of the angle gathers to two coefficients.
Projection coefficients can be plotted to analyze the multivariate relationships.
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0.4

Relation to hydrocarbons

0.2

0.2

= =  mudrock line
sand - shale
gas sand - shale

Brine-saturated sands and shales follow a

mudrock line: v o -
g= 11 4SS
1+ kK Vo# m Vp#

Hydrocarbon saturated sands deviate from
this trend.

Hydrocarbon reserves are found from outliers of a crossplot!

*m, ¢, k are geological parameters determined
empirically from well logs/laboratory measurements



Readlity bites
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Unsupervised learning problem

X ¢ R™*¢

n is number of samples in the image,
d is the number of angles
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Principle component analysis (PCA)

Eigendecomposition of the covariance matrix:

1!” .

C=X"'X-= Xi X,

S |

Project onto the eigenvectors with the two largest
eigenvalues.

Maximizes the variance (a measure of information).




_ _DEMO
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http://ec2-54-224-182-64.compute-1.amazonaws.com/#/pca



http://ec2-54-224-182-64.compute-1.amazonaws.com/#/pca

Marmousi Il Earth model

0 | VP | ! 2600 0 | P | ! . .
)10 1050 Specifically made for testing
2200 " litud ffset lysi
o 50 amplitude vs. offset analysis
1800 600
1600 450 .
1400 - 300 Contains gas-saturated sand
1200 — 150 .

0 embedded in shales and
0 1000 j()[(r)r?] 3000 4000 0 1000 E(E?T?] 3000 4000 brl n e_ S a n d S.

0 | rho | : - 0 zero-offset rpp -
2100 0.24
1950 500 0.16
1800 0.08
1650 £ 1000 0.00
1500 ‘0°‘1)8

— 1200 L _0.39
= 1050 2000 -
0 1000 2000 3000 4000 0 1000 2000 3000 4000
x [m] x[m]

17




Seismic modeling

True reflectivity Migrated seismic
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Physically consistent with
the Zoeppritz equations

Migrated visco-acoustic
survey
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DEMO

http://ec2-54-224-182-64.compute-1.amazonaws.com/#/avo



http://ec2-54-224-182-64.compute-1.amazonaws.com/#/avo

_______Kernel PCA

20

Problem:

Find a non-linear projection that provides better
discrimination of trends and outliers.

Solution:

Use the “kernel-trick” to compute PCA in a high-
dimensional non-linear feature space
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Kernel trick

PCA can be calculated from the Gramian inner product
matrix:

CIxg,xa" I, X" Lo IXg,xe"
" !X2,X1" !X2,X2" PR !XZ,Xn"%
XX T — n g
# o . .
IXn, X1" Xy, X2" ... IXp, Xp"

Replace !'xi.x;" with a kernel ! (xi,x;)
K(Xi, X ;) = (X;;rxj + 0)° = (o(X5), 9(X;))

Example c=2, b=1
| (x) = [1,V2X1, V2X2, X%, X5, V2X1X>]




_ _DEMO
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http://ec2-54-224-182-64.compute-1.amazonaws.com/#/avo



http://ec2-54-224-182-64.compute-1.amazonaws.com/#/avo
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Recap

Situation: Exploring seismic data for anomalous responses.
Problem: Physical model can not explain real world data.
Solution: Learn useful projections directly from the data.

Assessment:

e PCA is equivalent for physically consistent data, but more robust to
processing/acquisition artifacts.

e Kernel PCA makes outliers linearly separable from the background.

Next: Automatic segmentation (clustering)




24

Hierarchical clustering
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Resulis - PCA

Clustered physically consistent data Clustered migrated data
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Resulls - Kernel PCA

Clustered physically consistent data
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Summary

Successes:

Each projection could segment the reservoir.

Kernel PCA provided advantageous multivariate
geometries (linearly separable).

Challenges:

Clustering is highly sensitive to user chosen parameters.

Kernel PCA is computationally expensive and lacks
Interpretation.




_ _Robust PCA
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Problem:

Find a sparse set of outlying reflectivity responses against a
background trend.

Assumption:

The background trend of similar curves is highly redundant,
which forms a low rank matrix.

Solution:

min - [|Ljy + AJlS|
L,S

o st L+ S=X
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Results - physically consistent data
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Results - migrated seismic
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Summary

Successes:
Segmentation of reservoir in both images.
Physically interpretable segmentation without clustering.

Challenges:
Requires tuning of one optimization trade off parameter.

Convergence sensitive to the rank of outliers, not well
understood.




Comparison on field data

Migrated angle gathers

| Data provided by BG group.
Interpreted to contain a potential gas reserve.

0

100

Compare unsupervised methods to BG group’s
approach: Dynamic Intercept Gradient Inversion (DIGI).

200

300

samples

Note: Clustering approaches were not directly useful.
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DIGI-inverse problem
d W Wsinfg %
09 = A A\ $ |
0 W (0e) €0S(me ) W (Oime ) Sin(xme)

Convolution forward model:  d(z,t,!) = w(z,t,!) xr(z,t,!)
&F"()*+"1,-x%term forces a smooth answer

Further augmented by extended elastic reflectivity (EER) term:
EER(! me) = 1COS( me) + gSIN(! me)

e promotes correlation between $and .-
e me-is-related a priori geological information

System is solved using the conjugate gradient based algorithm LSQR.




__________PCA extended DIGI
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Component 2
0.6

Same inverse problem, but use the two
largest principle components instead of the 0.4
Shuey terms.
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Minimum energy projection

EER (! me) = icosl me)+ gsin(! me)

forms an image where large values correspond to
uncorrelated $and . terms.

Thresholding this image will therefore segment outliers.
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Comparison method

Manually threshold the image to segment the potential
hydrocarbon reserve while maintaining the least amount of
spurious segmentation.

Compare:
® Robust PCA
e D|GI
e PCA extended




Results - robust PCA

=w—x=— S e S ) = =

o ..—_.:b__
|
..:. YPTTL X W T P P Appy.

_
aeAasnadt .f_rs. PP

R | ___

) hiba

i st MR o s
___.F—:__:._: A AR

1. :—-D AR 40l Resn AR

Iy _ -__-- Sl A acaflAnanAanasiie

el :.—:rr. -_—D—b ) g 5 A ey S e () g o0 ) g ) e

I Jai. m._.:...l..»-l.-nil.l AR IR SRS
LU

1 Ll o A R AR AR

V! PO P

4 :a— Riad 2 e cae o s - )& - ) —

=>:r -._-—.'Dl..ll.ll ) s r () s () ) G (R A

A - @ .- S e AL e o B a

a—— = - a fAea A A e - maa

P T B A B o &

a—— aa a - A e e a

. BMasiRil add 5 o0 b bomasembmsssamnde M A o a e o

el il sl M 4B A 4 00h fosnamampstentaii prlee—aan.
| (

_:—_.__b__'_‘ A 2 AR ARRARRARRRARIARARR L Ara AR A

—._— Al A Al Acsnatasin

S || Y T PR

......-..»S.‘ et A nrn A
14

Ll

-y -;t.—'bbs 4 sssa aB.a
sanli. ’.‘ e Bds 0 bALa wun-a

—bllsbvblli’

-—PL Ada ) Haba s =
L

r- Tadd. d. 8002 «n. aa

-8al BabA_.anr. B

.L_r.:-_-_, TV VRS Y W YPONrY
Al sl -P‘qhsrh.lb. 4.80 a8 a8 . ars

“. r. :.-.k}.l.».b‘. 4 aria a6 b,

cadd aca.. AL

A.r.-.

sn0fAhaac aaAd g

= 8 e .
ca.AAD = n.iaBa as a aa -
-2 AD 2 b tili= o - a &aa -

sha s Aaahans, all s Aa s

e
-_— e e = e= = e = =
—_——,—— e e - — - - .
_— e e . - — A -
— ) < ——
A e e — e — & —— -
P O SR R T —
- ) ) ——
C Eee——e me e @ e = -
— o = o =
— e

—— g -

S S W =
B - —— = = e —
_—a e = e e e
e s e G s
o - —_— . e — -

- A e e E—

Ba an . ma ema - -

b —n - e e—ma & -

Ba e a a e e s A o

B - 4 m - e ema a

B e e m - e B=ma a .

a b A . a Dold o a & .b'br_,"lllinli) By

]

s\ a.f.andsssam

— —— — e — - - = su. aa .L—.l M liasacs 8 a2 Bbh.abasian a A _ana -
= = — = = = — - -'F __—b-bb a-_aa A& a aa&a.a na CS ‘-lov’b
) :
e —_— . - — e ?—ﬂ-‘-bh?- RAAfetsc A sstenrmnrirnat Al rmaanns
.____ 1
e i _-_rrbbvr ) Al () a R AN A e o E—

v'DiAr )Dli"l.F”

..1.")'?"»0) - —a a —

Ao ca o= e amm A

— ey — ]
e e S
Py e e gamyaal
-— e — ]

200 —

so|dwes

so|dwes

400 —

300

200

100

X|

X|

37



38

Results - DIGI
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Results - PCA exiend DIGI
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Results - EER using PCA extended DIGI
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Results - EER using DIGI
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~ Why the difference?

Principle components Shuey terms
0.8 1.0
Component 1 - IG.
Component 2
0.6
0.8
0.4
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0.4
0.0 —
y \ 0.2
104 0.0
5 10 15 20 25 30 . - 0 - 20 .
6 [deg] 9 [deg]

Principle components can explain more features in the data.
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Summary

e Robust PCA provided the best image segmentation.

e PCA extended DIGI better separated the potential reservoir
from the background trend.

e The extracted principle components showed significantly
different shapes than the Shuey vectors.




_ Epilogue
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Outcome:

Generalized a conventional analysis approach using
unsupervised learning models.

Successful in segmented potential hydrocarbon reserves
from seismic data

Future:
More data, standardized datasets
Quantitative benchmarks




_ _Thanks
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