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What is your job title?
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Who is your employer?
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What geographic region are you from?
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How many years of experience do you have?

L
=

rs

Poll Question #5

‘Webi

What is your background?
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Poll Question #6
‘Webii
What background of you have in Signal
Processing, Pattern Recognition, and Machine
Learning?
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Overview of Computational Seismic Interpretation (CSI)

¢ Human Visual System (HVS) Modeling in CSI
— Gradient of Texture (GoT) on Salt-dome and Listric Fault Interpretation
— Motion-based Saliency on Salt-dome Interpretation

¢ Machine Learning (ML) in CSI
— Weakly Supervised Learning on Seismic Structure Labeling
— Tensor-based Subspace Learning on Salt-dome Tracking

— Generative Adversarial Networks (GAN) for Seismic Data Generation

* Conclusions
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Human Visual System (HVS) Modeling in CSI
— Gradient of Texture (GoT) on Salt-dome and Listric Fault Interpretation

— Motion-based Saliency on Salt-dome Interpretation

Human Visual System

Human visual system (HVS) is sensitive to

— Texture changes
— Motions Formation
— Structures ~
¢ Attention models mimic the behavior of /
human subjects looking at an image or
X Light and Exposure
video Control
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Texture Changes

* Texture changes between the inside and the outside of salt
domes provide quantitative visual clues that assist
geophysicists’ interpretation tasks

SR s
Texture Difference Inside and Two Salt Diapirs Beneath the Continental
@Oulside the Salt dome [6] Shelf, Offshore Louisiana [7]
:_analysis. hmi 16
[710ribus Jorn R, et al “The prize beneaifihe saifidd Review 15 2008) 4.1

GoT Values.

Gradient of Texture (GoT)

‘ Texture Boundary
2

8]M. A, Shafig, Z Wang, G. AIRegh, A Ain, and Weriche, "A texture-based interpretation workflow with apgion to delineating salt 17
Gomes, erpretation, 5(3), SJ1-SJ19, 2017
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Gradient of Texture (GoT)

G = d(W_,W,)
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" (61, A Shafia, Z Wang, G. ARegd, A Amin, and Derche, °Atexure-based tepretaion vorkfow with apsion o eleating sat 18
Gomes: eetaion, 56, S31-5918, 017
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[8]M. A. Shafia, Z. Wang, G. AlRegib, A.Amin, and Beriche, °A texture based interpretation workfow it apgion 0 delineating salt 19
domes " Inerpretation, 5(3), SJ1-SJ19, 2017.
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North Sea

F3 Block Location in the North Sea Migrated Seismic Volume
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01_3DGoT_Delineation.avi

Detected Salt Dome in 2D
Seismic Sections

o o
Detected 3D Salt Body

Listric Faults

¢ Listric faults are concave upwards and
are identified by either decreasing dip
with depth, which flattens out at the
bottom of the fault or changes in
strata and by variations in texture.

. Stratton Field in Texas [10]
W Listric Faults [9]

" 1l . Fauls b
[10] Zheng, Znihong, and Dengliang Gao. *Alongstike vaiaih extension and cross-sirke fractures in Sratiod Feuth Texas 2
impicaions for aciured resenvoi descripton and charimian” SEG Tedhica Program > 013, 2013, 1534153
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Listric Fault Surface

@ 3D View Depicting Inlines and Crosslines Detected Fault Surface
2

¢ Human Visual System (HVS) Modeling in CSI

— Motion-based Saliency on Salt-dome Interpretation
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Motions of Structures Across Seismic
Sections

03_SeismicSaliency.avi

Saliency Map

02_SeismicVolume.avi

Seismic Volume

Advantages of a FFT-based saliency detection method compared to

other detection algorithms
— Effectively captures temporal and spatial saliency

Temporal Energy

— Better computational efficiency
Distribution

— Few parameters selection

-
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AVideo Frame =

Spatial Energy

Distribution
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Geometric Decomposition

SPIE Vol 9394, pp. 93941G-93941G 6, 2015

wnideos using 3D FET

111] Ziing Long and Saliency d

Motion-based Saliency on Salt-dome
Interpretation

Detection and delineation
of salt domes

c Atribute For Salt Dome Detection” EEl. Cont, on
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Detected Salt Dome =

04_SeismicVolume.avi 05_SalSi.avi

Original Seismic Volume Highlighted Salt-dome Boundaries

06_Seismic.avi 07_SaliencyDelineation.avi

A subset of Original Detected Salt Dome in 2D
Seismic Sections

% Seismic Volume
31

¢ Temporal domain for seismic
¢ A priori information
— Top-down
— Directionality
¢ Resolution

Feature
| sureound compa

P
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inteaction

Feature
intraction

% 24] M. A. Shaliq, Z. Long, T. Alkhawi, and G. ARegib, “Saliency detection for seismic applications using mul-dimensional
spectral projections and directional comparisors,” IEEE Interational Corlerence on Image Processing (ICIP), Beijng, 32
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China, Sep. 17-20, 20

Seismic Saliency

Fang etal. (2014)

Long and AlRegib (2015) Shafiq et al. (2017)

Achanta et al. (2008)
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¢ Machine Learning (ML) in CSI
— Weakly Supervised Learning on Seismic Structure Labeling

&9
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Seismic Structure Labeling

¢ Ultimately, machine learning would automate the most laborious interpretation
tasks.

* The role of the interpreter will then transform from manually doing the

interpretation, to verifying and modifying, if necessary, the automated

interpretation result.

Labeling of Natural Images vs. Seismic
Data
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car, tree, road, sky

Seismic data is textural in nature and does not have
This is an well known (and difficult) problem in color information
computer vision.

~

Subsurface structures are characterized by texture,
However, applying this to seismic data brings new and lack the clearly defined boundaries between
challenges objectsin the natural world

Severe lack of labeled seismic data

&9
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Reinforcement X

Learning [ Supervised
Semi-

Supervised

Weakly
Unsupervised Supervised

Recall one of the main challenges is the severe lack of labeled seismic data
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‘Webinars

I machine l
learning model

input desired output

partial

pixel-level labels

full supervision weak supervision

|
Weakly-Supervised Labeling =
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* LANDMASS dataset
( )

* Thousands of automatically retrieved, and manually verified
seismic images classified into four classes:

Chaotic Salt Dome

13
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Weakly Supervised Labeling of Seismic

o
Structures Nl

Training Stage

exemplars
Similarty-based Feature Extraction Classifier
retrieval
o T
T
L

3D Seismic Volume | _» Labeleasp
Seismic Volume
Oversegmentation Feature Extraction Classifier

Labeling Stage

% 115] Y. Alaudah and G. AIRegib, "Weakly-Supervised Labeling of Seismic Volumes Using Reference Exemplars.” IEEE |
16,

Int. Conference on Image Processing (ICIP), Phoenix, Arizona, USA, Sep. 25-28, 201

Weakly Supervised Labeling of Seismic
—
Structures G

salt dome faults chaotic

~salt dome

manually labelled

% 115] Y. Alaudzh and G. AIRegib, "WezKly-Supervised Labeling of Seisiic Volumes Using Reference Exemplars,” IEEE, |
2016,

Int. Conference on Image Processing (ICIP), Phaenix, Arizona, USA, Sep. 25-28

Weakly Supervised Labeling
Results Using Spatial Texture Attributes

GLCM ELBP
[16]2 Long, Y. Alaudah, M. A Quresti, Y. Hu, 2 Wang, Mifaraj, G. AIRegh, A Arin, M. Deriche, and SkBharrab, °A comparative study of
fexture attnbutes for characterizing subsurace sirucinrmsgrated seisiic volumes,” Subiitted (o ntrpretal




Weakly Supervised Labeling:
Results Using Spectral Texture Attributes
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Original Discrete Wavelet Transform

Manually Labeled Contourlet Transform

Curvelet Transform

%‘l Gabor Filters

[17]M. Allarraj, Y. Alaudah, Z. Long, G. AlRegib, and Mderiche, “A survey of multiresolution texture attributes for potational seismic 43
interpretation” Submitted 1o Signal Processing Image Qarivaiion
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Weakly Supervised Labeling of Seismic
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image-level labels pixel-level labels

Structures

salt dome

arg min|[ X — WHI[%: + M| W[5 + Aol [HI [ + 7| HH” — B[},

stW,H>0 and p(w;) = py

[18] Y. Alaudah, H. Di,and G. AlRegib, ‘Weakly Supervised Labeling via Orthogonal
Factorization’, 79th EAGE Annual Conference & Extibiton, Pari, France, June 12-15, 2017
%2 1191 Y. Alaudah and G. AlRegib, A weakly-supervised approach to seismic sructure labeling;” 87ih Annual SEG Meeing Extended
a

Absiracts, Housion, Texas, 2017. 5
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Results

Chaotic:

20] Y. Alaudah, H. Di, and G. ARegib, “Weakly Supervised Seismic Structure Labeling via Orthogonal Non-Negative Matrix
Factorizaton’, 79th EAGE Annual Conference & Exhibiion, Pars, France, June 12:15 2017

Weakly Supervised Labeling of Seismic
Structures

Uhonsinds of pixeklevel Iabeled fmges

¢ Machine Learning (ML) in CSI

— Tensor-based Subspace Learning on Salt-dome Tracking
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Tensors: Multidimensional Data

Vector: 1st-order tensor

[—

Matrix: 2nd-order tensor

Lanade (row)

Gait Silhouette Video

Medical Image Analysis

Volume: 3rd-order tensor

2mode (cobumm)

Modo 2 (spaial row)
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Feature Extraction - Involving correlations
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Salt-dome Tracking Using MPCA
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(d) (e): proposed method
9
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¢ Machine Learning (ML) in CSI

— Generative Adversarial Networks (GAN) for Seismic Data Generation

&9

2017/11/6

18



L
=

Adversarial Networks

‘Webinars

* Adversarial networks “adopt machine learning techniques in
adversarial settings”

* For example, Generative Adversarial Networks (GANs) focus
primarily on sample generation from the distribution of the real
data instead of estimating the model directly.

— Two networks competing to achieve a common goal “model
estimation”

— Discriminator (D) distinguishes real and fake data.

— Generator (G) takes random input and generates images to “fool” the
discriminator.
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Why Generative Adversarial models!™®l? =y
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¢ They can represent and manipulate high-dimensional probability
distributions.

¢ They can be trained with missing data and can provide predictions
on inputs that are missing data. (semi-supervised learning)

¢ Generative models enable machine learning to work with multi-
modal outputs.

* Many tasks intrinsically require realistic generation of samples from
some distribution.

¢ Adversary models entirely learn from the data

&9
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23] Goodfellow, lan. "NIPS 2016 Tutorial: Generative Adversarial Networks.” arXiv preprint arXiv:1701.00160 (2016).
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* Deep Convolutional Generative Adversarial Network
— The goal is to create a model to synthesize seismic images
of different structures, i.e. salt domes, faults, .., etc.
— We trained the model using 1000 images for each of 4
classes: Salt, Fault, Chaotic, and Horizons.

Project an rsshape

[24] Radford, Alec, Luke Metz, and Soumith Chintala. *Unsupervised representation learning with deep convolutional 57
generative adversarial networks.” arXiv preprint arxiv:1511.06434 (2015).
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Initial generated images

% structures
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Sample Patches Generated by Fine-
) =
tuning e

febinars.

Results after 20 iterations for Faults Results after 20 iterations for Horizons
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Sample Patches Generated by Fine-
. =
tuning R

ebinars

Results after 20 iterations for Chaotic Results after 20 iterations for Salt
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* Conclusions
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¢ Leveraging the HVS modeling into interpretation is an
effective component of CSI
— using existing HVS models
— aframework to model a senior interpreter’s process
— useful to design ML algorithms
¢ Machine learning resurrection is promising for CSI
— new framework and work flow for the problem using labeling
— hybrid handcrafted- and data-based models
* Community
— share codes and results freely
— share data freely
— more competitions
— more visible presence outside the community
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Products

Publications:
Software:
+  Seismic Simulation, Survey, and Imaging (S3I)

« CSl Toolbox

dome delineation. It also compares different salt dome delinea
details can be found at

+  Cloud Visual Explorer (CLeVER)

to run similar software. More details can be it

Datasets:
+ Large North-Sea Dataset of Migrated Aggregated Seismicctires (LANDMASS)

faults, salt dome, horizon, and chaotic horizon.
More details can be found &

The S31 provides an easy MATLAB-based library to simulate seismisging and produces synthesized data for any
given velocity model to facilitate seismic interpretation andergoir modeling. More details can be found at

The Graphical User Interface (GUI is developed for visualizingingsand benshmarking various algortns for sal
gorithms, which have been processed offiine. More

The CLeVER is a cloud-based visual explorer developed in Django fordsiift Azure. It allows efficient storage and
computing resources to probe large datasets even from devices that biave necessary minimum system requirements.

The LANDMASS dataset is created for development, testing, and bemkimgaf various techniques aimed towards
seismic applications such as retrieval, classification, mackiarning, etc. It contains 20K+ grayscale images extracted
from the public F3 Block dataset, which are auto-labeled with mavesication into four major seismic structures
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