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Digita l Subsurfa ce
R&T stra tegic project in colla bora tion with DCoE

Digita lisa tion & innova tion
Potentia l

Fie ld of the  future  – ca pex3

-30 %

Around

Va lue  crea tion producing fie lds1

2 bn USDAbove

Automa ted drilling – cost2

-15%

Around

1. 3% increa se  in production – 20 20  to 20 25. Sta toil sha re  pre- ta x.
2. Automa ted drilling compa red to conventiona l.
3. New fa cility concept compa red to conventiona l.
4. NPV increa se  ba sed on the  production a nd opex effects of the  integra ted 

control rooms.

Integra ted remote  opera tions US Onshore

50 0 million USDAround

Added va lue 4
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Cuttings Ima ges
• Usua lly the only person to see drill cuttings has 

been the Opera tions Geologist on the rig

• Textua ldescriptions a re made and samples put
into storage

• Photographing cuttings samples gives us access
to a  new da ta  source

• With a  photo every 3-10 m drilled, in each of our
wells, this can quickly overwhelm human ana lysis
capacity

• Can Deep Lea rning provide a  way to focus the
ana lysis?

Seismic : Dutch F3 da ta set
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Deep Lea rning
Recent advances in the field of Deep Neura l Networks mean they a re now 
able to tackle much more cha llenging problems than ever before.

To understand whether it can add va lue with this da ta , we need to know:

• What is Deep Lea rning?

• What can we do with it?

• What can’t we do with it?

• What do we need to do it?

?

xkcd.com : 24/09/2014

A GPU AND SOME 
TRAINING DATA
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Strengths &                         Wea knesses

• Surprisingly accurate at analysing data

• Takescare of feature engineering

• Faster to digest new data than humans

• Can use on almost any type of data

Ribeiro, M et. al, 20 16
"Why Should I Trust You" Explaining the Predictions of Any Classifier

• Huge computa tiona l requirements

• Needs very la rge volumes of da ta , a nd ea sy to overfit

• Cla ssifiers a re forced to give a n a nswer

• "Bla ck-box" ma kes it ha rd to understa nd wha t’s
ha ppening… situa tion improving
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RockWa sh Da ta
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Barents Sea

North Sea

Norwegian Sea

UK

Ima ges + XRF from ma ny wells
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Ca n we just Google  this?
The Google Cloud Pla form provides a  
"Cloud Vision API" 
https://cloud.google.com/vision/

• Positive

• Easy to integra te & fa irly cheap

• Negative

• Doesn’t rea lly know geology
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• Deal breaker

• No way to teach it!

https://cloud.google.com/vision/
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Neura l Networks – in one slide!
• A Neura l Network is the connection of:

• Input da ta  Artificia lneurons Output da ta

• Fully-connected layers:

• Neurons perform opera tion on whole previous layer

• Convolutiona llayers (in a  CNN):

• Neurons perform opera tion on selected areas of previous layer

• The opera tions of the neurons a re defined by layer weights

• Good weightsare discovered by a processof training
• Training data is shown to a network

• The difference between the network’s guessand the actual answer is 
backpropagated through the network, and the weights incrementally update

• Once a network is trained, new examplescan be given to it for inferrence

Interactive demo at: http://scs.ryerson.ca/~aharley/vis/conv/flat.html
Google for "aharley"
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http://scs.ryerson.ca/%7Eaharley/vis/conv/flat.html
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Se lecting a  DNN

• La rger a nd more  complex DNNs ha ve been
developed since AlexNet’s brea kthrough in 20 12

+ Their ca pa bilities become more a nd more  
impressive  in ima ge cla ssifica tion

- Computa tiona l power required to tra in them
(genera lly) increa ses

• Selected Inception-v3 a s good compromise
sta rting point

• Experimenting with others not ha rd AN ANALYSIS OF DEEP NEURAL NETWORK 
MODELS FOR PRACTICAL APPLICATIONS

Canziani, Culurciello, Paszke
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Compute power of a  GPU

• Tensor  Operations = 125 Tflops

• Equinor sta nda rd la ptop : Inte l i5 520 0 u
o AVX2 (512-bit width FMA)

o 2 cores x 32SP ops/clock @ 2.2GHz 

• 140 Gflops

• GPU : nVidia  V10 0  : 
o Strea ming Multiprocessor : 64x FMA cores

o 80 SM cores x 128SP ops/clock @ 1.4GHz 

• 14000 Gflops = 14 Tflops

• How to ge t hold of such power?
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Cuillin : Architecture

RockWa sh Ima ges
FMB la bels/logs

~2TB (current)
AWS Stora ge
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Prep tra ining da ta se t

Tra in DNN

Predict with DNN

Results Browser

Prediction Results
"experiment" da ta

~1TB (current)
AWS Stora ge

Tra ined Models

Prepped Da ta

C
lie

nt
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Web Browser

Prediction
Results    

AWS insta nce:

- 4 V10 0  GPUs
- 244GB RAM
- 32 CPUs

Ama zon Linux

AWS insta nce:

- 4GB RAM
- 2 CPUs

CentOS 7

Equinor : Azure / AWS

Equinor : Inte rna l

Python

PyTorch

NodeJ S
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Cuillin : Tra ining

1. Split da ta  into tra ining and test set (a t well-level)

2. Obta in Lithology labels for each image, disca rding
ambiguous images

3. Make 45 sub-crops per image 

4. Use PyTorch framework to tra in a  published DNN 
a rchitecture to distinguish 10-15 lithology classes

5. Additiona ltricks to improve genera liza tion

Tota l da ta -prep & tra ining time: 

~7 hours on 4x V10 0  GPU AWS node

Limestone

Sa ndstone

++
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Cuillin : Tra ining Accura cy
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Cuillin : Infe rrence
Datacentre :

• Inferrencing speed is crucia lto deploying Deep Lea rning models

• With 4x V10 0  GPUs CUILLIN can predict a  lithology distribution for 
over 4 cuttings images / second

• For a  typica lwellof 50 0 -10 0 0  images this takes 2-4 minutes

Edge Cases :

• While drilling on fixed insta lla tions we can assume a  good da ta  
connection to shore – not so for explora tion scena rios

• Tra ined Cuillin networks could be deployed in low-power embedded
systems 

14 |  Cuillin



Internal 15 J une  20 18

Cuillin : Visua liza tion
• Vizua lizing wha t the networks "see" is cha llenging, but important:
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Se lected "Ma x-excita tion" ima ges for 
neurons in progressive  network la yers

Predictions Voronoi dia gra m overla y to show spa tia l 
distribution of predictions a cross a  cuttings ima ge

Deeper la yers

La rger fea tures



Internal 15 J une  20 18

Cuillin : Results Browser
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Cuillin Predictions

Log Interpretation
GR & ILD logs

Composite of all images in well

With a  rich set of a dditiona lda ta  a va ila ble a longside the ima ge interpreta tion it’s ea sy to ga in confidence in Cuillin’s interpreta tions, a nd 
identify potentia lnew contributions to subsurfa ce understa nding
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Cuillin : Results Browser
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Cuillin Predictions

XRF Herron Classification

With a  rich set of a dditiona lda ta  a va ila ble a longside the ima ge interpreta tion it’s ea sy to ga in confidence in Cuillin’s interpreta tions, a nd 
identify potentia lnew contributions to subsurfa ce understa nding

Click for full-size image

Predictions breakdown 
for selected image
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David Wade * – Senior Developer, IT SI SIS
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Geoscience:: Linn Arnesen, Ole Finn Tjugen, Anne-Christin Ringdal, Ulrich Berner

Cuillin – Cuttings Image Lithology Interpretation with Neural Neworks
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