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Agenda =
‘Webinars
¢ Drilling uncertainty
¢ Machine learning
* Society of Exploration Geophysicists (SEG) machine learning
contest
— Workflow
¢ Real-time lithology classification
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Poll Question —
W:l;r:ars

What is your role within the organization ?

Agenda =
Weblnars

¢ Drilling uncertainty




Introduction
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EVERY DAY WE CREATE
2,500,000
000,000,000,000

(2.5 Quintillion) BYTES OF DATA
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Data =
‘Webinars

* The world is driven by
data (people, sensors
and devices)

* 2.5 Exabyte of data per
day.
(1 Exabyte = 10718
bytes)

¢ Lessthan 5% of all
data is ever analyzed

(Source : Report [1] )

* Opportunity, Challenge

Drilling Uncertainty Factors =

Trajectory
uncertainty

Weather,
government

Formation Fluid
integrity Rheology

&

Webinars

Well
Design

Data quality
uncertainty

Instrumentation

Drilling
incidents

Wellbore
instability, Lost
circulation,
Influx -> NPT

Operations

Drilling efficiency




Drilling Uncertainty =

I Determination of lithology
% type at the bit

Drill bit as sensor - vibrations
« Data driven models

- Historical database

- Computational resources
* Challenge : Data in silos
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LWD tool Seek knowledge of
lithology here
Py T Ginpant Al Company & ey G

Agenda =
‘Webinars

¢ Machine learning

Poll Question =
‘Webinars

What type of analytics do you or your team/division deal with
predominantly?




Machine learning

TRADITIONAL PROGRAMMING
Dpata

—

Output
Program
—

Output

STEP 1 - Learning Phase

Leam

Training Data
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MACHINE LEARNING
Data

Program
Output
—

« Value, event, label

STEP 2 - Prediction Phase

Realtime Data — ——>  Predict
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Machine Learning

¢ Where does it fit ?
ARTIFICIAL INTELLIGENCE

Abstract
Thinking

Knowledge
Reprosentation

oasoring °

R)

DATA MINING

Learning paradigms

¢ Supervised Learning
— Knowledge of the output
* Datais labelled

* Goal : Predict the class (classification)
or value (Regression)

GR istivity |Porosity /Type
lsi Label

77 0.6
3.23 0.69 15]Dolomite

¢ Unsupervised Learning

— No knowledge of the output R

Porosity

77 0.66 111

* Goal : Determine data patterns 43.23) 0.69) 15

« Datais unlabelled

SEG Contest = Supervised Classification Problem




Agenda =

Webinars

* Society of Exploration Geophysicists (SEG) machine learning
contest
— Workflow
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Poll Question =

Webinars

What is the degree of Machine Learning adoption in your
organization/team?

SEG Machine learning contest

)

Webinars

¢ Society of Exploration
Geophysicists (SEG) Open Contest

¢ Accurate differentiation of facies
(rock-type) by indirect methods

¢ Dataset—10 Wells
¢ 40+ teams




SEG Machine learning contest

¢ Objective : Predict the rock type
for two wells
¢ Inputs : Wireline logs of 10 wells
and their interpreted facies
* Predictor variables
— Five Wireline logs

— Two Geologic constraining
variables

* No access to blind/test data
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Webinars

Well SHRIMPUN
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[4]
Challenges =
g =
‘Webinars
¢ Missing data
¢ Small sample size
¢ Facies (rock-type) are not discrete
Tag  Facies Label Rock Facies Type Adjacent Facies Label
sS 1 Nonmarine sandstone 2
CsiS. 2 Nonmarine coarse siltstone 13
Fsis 3 Nonmarine fine siltstone 2
Sish 4 Marine siltstone and shale 5
Ms 5 Mudstone (limestone) 46
ws 6 Wackestone (limestone) 57
o 7 oolomite 68
3 8 Grainstone (limestone) 67,9
BS 9 Bafflestone (limestone) 78
Machine Learning Process =
Can)
‘Webinars
FEATURE MODEL
ENGINEERING DEVELOPMENT
01 02 03 04 05 06 o7
Data
Preprocessing
Feature Parameter
Construction Optimization
Exploratory Feature Model Mode!
Data Analysis Selection  selection Validation

- Extract inherent information
- Offers flexibility

% - Domain intensive

Right choice of algorithms
Computationally intensive
Automation (Jupyter, Python)
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.
Learning Process =
‘Webinars
02 03 04 05 06 o7
Feature Parameter
Exploratory Corelcton Optimization
Data Analysis Model Model
Feature Selection Validation
Selection
Data
Preprocessing
. .
Data Quality Analysis =
‘Webinars

80%

Quality Score

Qrrrnnsaannsaannannnnnns

DATA FLOW

&P

Gaps in the data

0 < Block Height < 150

Statistical (Window based methods,
ZScore, Dixon test)

Is bit depth > hole depth ?

Learning Process

(o]} 03 04

Feature
Construction
Data
Preprocessing Feature
Selection

Exploratory
Data Analysis

&

Model
Selection

T
Webinars
06 o7
Parameter
Optimization
Model
Vaidation




Exploratory Data Analysis (EDA) "=

‘Webinars
e Summarize data Facies Type 1 Wiacies t
characteristics by
visualization
¢ Objective

— Discover patterns

— Spot anomalies
— Check assumptions

FACIES TYPE - DISTRIBUTION

&ED : _"1"_l!.la

11/13/2017

Learning Process =
‘Webinars

[ | o1 02 04 05 06 o7 ?
Exploratory Parameter
Data Analysis Optimization
Model
Preprocessing Feature Model Validation

Selection  Selection

Feature
Construction

&P

Missing data =
‘Webinars

* Missing data introduces bias, in-efficiency and handling issues

* Missing PE observations

* Model based imputation

* Neural Network regression to estimate missing data

input hidden output
o) (@ w SHANKLE Well - PE Error

Input
Curves

% Prodictod

Increase in the data availability by 20 %
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Learning Process =
‘Webinars
-
DE P
o1 02 03 05 06 07
Exploratory Parameter
Data Analysis Optimization
Data c(i\es?::'ceuon Model
Preprocessing SZ:gi 3 Vaidation
Feature
Selection
.
Feature Selection =
Cand
‘Webinars

¢ Select features that
contribute to the accuracy
¢ Benefits 3

— Alleviate the “curse of 1

dimensionality” z
— Enhance accuracy . I I I I I
— Speed up learning process

Feature contribution in training data

FEATURE SCORES (%)

&P

.
Feature Augmentation =
‘Webinars
Rotation,
Translation,
Scaling
Cappuccino ?
¢ Generate new feature from Dataset
existing features Depth GR__|Feature 1| Feature 2| Feature 3| Feature 4|
999 20 - - - -
i i 999.5 2 - - - B
* Neighbouring layers are T e e 7
strongly related 10005 |48 - - -
1001 52 - - - -
¢ More time for learning [5
Augmented Features

10



Learning Process =
‘Webinars

o1 02 03 04 06 o7
Exploratory Parameter
Data Analysis Optimization
Feature o
Data ConStruction  eatir i
Preprocessing ;e:!'cx:wex‘ Vaiidation
Model
Selection

&
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Model Selection

R)

¢ Model/Algorithm
= Boosted Tree XGBoost

= Neural Network

theano
= Random Forest

Accuracy (%)

alil

Support Vector Deep Neural Random Forest  Gradient
Machine network Boosted
. Decision Trees

Learning Process =
‘Webinars

1 01 02 03 04 05 07
Exploratory
Data Analysis
Feature
Data Construction Model

Feature Model Validation

Pr ¢
BHOces0 Selection ~ Selection

Parameter
Optimization

&
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Parameter Optimization e

Condd
Webinars

Purpose: find optimum combination of parameters which maximize accuracy
Example of hyper-parameters optimization:
0 Gradient Boosted Decision Tree
» #itrees, Max. tree deptbh, ...
0 Neural Network
» tthidden layer, #mini batch, dropouts, regularization, ...
Problems: Optimum
* Curse of dimensionality
¢ Time and computing power

Grid Layout Random Layout

Methods: grid and random search

) .

Parameters

Unimportant parameter

Learning Process

R)

o1 02 03 04 05 06
Exploratory Parameter
Data Analysis Optimization
o Feature
ata Construction ¢
= i -eature Model
Bipcesing Selection  Sglection

Model
Validation

&P

Model Validation =

Webinars
Technique : Leave One Group (Well) Out fiche Lowi i
o= 2
A Cross-validation B Prediction testing 2 o o
Z 3 s

Group 1 —#| B e o S

© . w o
Group 2 —| Training 3 _'.: « wm s
Group 3 |—»| af, AL s
Group 4 4& Actual : : .,:

Validation Summary (%)

Facies Metric
Prediction | Actual | Accuracy 1 -
1 1 TRUE [ TRUE . T
2 1 FASE | TRUE « v
6 1 Fase | pase
o“lu & & & &

i

e

&5 #

Qacuracy ) = adiacent Accurac (%)

11/13/2017
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Workflow Summary

—
Con)
Webinars
Model Building
[ Historical Data
Feature
Engineering

’—- Maodel Selection T

Parameter Optimization = Model Validation

| ]
=)

Model Serving

&

Blind Well Results =

el STUART Webinars
Actual vs Predicted comparison
= Depth Facies Prediction]  Facles Label AdjacentFacies
w5 2 2 —_—
| I . - 2 ces 13
E 3 P38 2
. [} sish 5
— 5 s a5
L} ws 57
T o 6
o PS 879
° BS T8

Blind Accuracy (%)
Well True | Adjacent
Stuart | 615 94
Crawford| 635 88
d
Agenda =
Webinars

¢ Real-time lithology classification
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Real-time Lithology Classification

* LWD data is proxy of lithology type

Penatiation

« Lithology vs Facies
¢ Each LWD sensors has an offset (35 ft — 100 ft)

Dapth
MD

“ vl 5)))

11/13/2017

Interpreted_Lithology
150 ft behind

Closest LWD Sensor (GR)
35 ft behind

Drill bit

Challenge
1. Can we automate lithology interpretation and closing the gap?
‘ 2. Generate pseudo logs between sensors and bit?

Look Ahead

Correlate during drilling

~—
>
Webinars

GR GR
q | il Assume LWD (GR) is still at
Signature  // this depth.
matcl { Q / Which reference you trust to
look ahead?
<l il
Signature
__match
J J == GR offset well (Reference)
reference well 1 vs reference well 2 vs == GR current well
current well current well

&P

GR Projection Ahead of MWD =

Webinars

Blind Well

— GR-Actual
GR-Prediction

60
many to many © T
0on MWD MWD
Recurrent & Pt 20
Neural T
Network LHT‘.M 560 3580 3600 3620 3640 3660
Depth

a0d ——
% 7 Formation A Formation B

14



Real Time Lithology Classification =

Webinars

Topology of real-time classification

Model Building Model Serving

e P

11/13/2017

Summary

R)

Machine Learning has the potential to

0 classify rock facies in wells with minimal supervision

0 reduce uncertainty while looking ahead of the bit

Feature engineering improves model prediction (guided by
domain experts)

&P
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Thank you

Questions?
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