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Deploying Machine Learning on the Qilfield:
From the Labs to the Edge

Fahd Saghir — Industry Solutions Manager (Upstream O&G)
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Poll Question

Webinars

Please select your area of work/expertise:

Poll Question

What is your experience with Data Science and Machine Learning
applications?
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The Digital Oilfield Anatomy =

AUTOMATION

OPTIMIZATION

Rod pump: facts

RPC LIFT

CURRENT 38%

GLOBALOIL DAILY “I have less resources, money
PRODUCTION 750'( wel 'S PRODUCTION [ # and people, to manage my
— £ f field. | need to make tl
people on-site as efficient as
possible”

“To manage my wells, | need to visit them to

ensure proper and optimal operation.

It.takes time to visit each well and if

something goes wrong, | don’t know what or
AVERAGE RUN LIFE OF AN RPC OPTIMAL RUN.LIFE OF ANRPC s why until | get there and diagnose the issue.

3 \/ea kS 10 vea rs | Know'!ng what is going on in my wglls and

what issues they have remotely will save

time and allow me to manage more wells
and minimize lost production!

_Downtime | 10 BOE/D | 250 BOE/D |

1 hour $27 8677
1 day $648 $16,250
1 week $4,536 $113,750

Impact of downtime
at $65 per barrel of oil
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Today SCADA-based solution Nl

T —

=iy Check Inconsis tently
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Dpth

A Monitoring /
m Alarms

Challenges

* Ensure Trust
— How can our customers trust ML predictions?

e Extend model
— Labeled « expert » data is rare, how to ensure that our
models will work for any « new » pump?




Customer’s confidence is key
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THIS 15 YOUR MACHINE LEARNING SYSTEM?

YUP! YoU POUR THE DATA INTO THIS BIG
PILE OF LNEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? }

JUST STR THE PILE UNTIL A N ’ N\
THEY START LOOKING RIGHT NN L \
[ ML QY [  Field b
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Customer’s confidence is key

Webinars

THIS 15 YOUR MACHINE LEARNING SYSTET1?

YUP! YoU POUR THE DATA INTD THIS BIG
PILE OF UNEAR ALGEBRA, THEN (OLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

/

T

|

!

REALLY?




9/10/2018

.
_—

Customer’s confidence is key

Webinars

THIS 15 YOUR MACHINE LEARNING SYSTEM?

YUP! YoU POUR THE DATA INTO THIS BIG ’ . |
PILE OF LINEAR ALGEBRA, THEN COLLECT Let’s do like humans do !
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT

...and the data is
plotted onto the graph

Clamp and
carrier bar

/ Polished rod
%Sﬁﬂﬁrrg box
, Flow line

Pl

Sheaves and belts

Prime mover

= Casing
|~ Tubing

- Sucker rods aZu/a tZ(x,t) = (az)azu/a XZ(X,t) — (C)aUJ/at(X,t)

Load

g Tubing anchor

4 1|llL— Sinker bars = i 5 F
o e same data, after correcting pmmmlp
2% for rod stretching, flexing, and
— Pump stress wave propagation, looks

like this, giving a clear view of
what’s happening at the bottom T Displacement
of the well (“downhole” card)

Source:
Schneider Electric

I~ Gas anchor
-
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Easier with a little animation...

Webinars

Human expertise

* Experts look at charts of failure patterns

* Experts use mostly their eyes, which interpret the image to a
failure (but also look at the data)

Simplified Dynacards showing a failure pattern
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The way Machine Learning usually

W o rk S Webinars

1)Training: build model

Cat

* Cat (0.86)
o d -~ L J

(after this session)

NCERITE

1)Training
— /"_ c a:t’:n"e;;y o
2% = &

2)Inference of labeled data

YN TX 7
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Data augmentation

Using existing tagged cards to increase the size of the training dataset pabinars

One way to get around a lack of data is to augment the dataset. The model will often be more robust and can even be
simpler due to a better training set. This may prevent overfitting as well.

Pick images of the same class and combine them to get a new one:

Dynacards can be considered as an
image

Convolutional Neural Networks

CNN typical architecture

Model: “Those parts of the dynacard Model: “Mostly because of those parts
indicate mostly to me that this pump of the dynacard | think this pump works
is grinding” perfectly well”




Not sure what kind of cat it is but...not

—

a dog! Wabinars
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Siamese Network

When humans look at an object, they recognize its class not only because it’s similar to
some object but also because it’s different from some objects.

Image 1: gas lock

Conv. Neural Net )
Binary Output
> —

1. same
m—» Conv. Neural Net

0: different
Image 2: pump grinding dense layer
Labeled at learning time concatenation
Unlabeled at inference time

Training is done by comparing each image against all the images in dataset and checking if the class is the same or different

Data set is “augmented” by the combinations of pairs of all the images available

Not enough labeled data? Use

autoencoders!

Reconstructed
Input image Latentspar:e image
representation
E -4 V‘ E
encoder > decoder
| Self-supervised model - trained without labels! ‘

Fully-connected network

Latent space
representation

10
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Dynacards are shapes, right?

Histogram of Oriented Gradients (HOG)

Webinars
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e Simplify image by extracting new features:

e Gradients (x and y derivatives) of an image are large around contours (regions of
abrupt intensity changes) and we know that contours contain a lot more information
about shape than flat regions especially in our application!

Reduced dimension
Extracted features

Example Card Image HOG Visualizi

Example Card Image

Increase your oaas! use ensemoie ot
models!

Instead of having one model combine many of them and make our task a team work!

Input data Run all models Final output

Weights

/ o i ’
/ pluid pound
gas interference

si
-_/____,_——* lamese Ensemble solids gn'ruliing
gas loc
~— - model
T AAE+FCN it
plunger stuck
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From the labs to a solution

Webinars

Data Acquisition Data Exploration & Detection Results

RPC Data Cléaning /
Segmenting

Solution Architecture

The solution is deployed in ] { ‘
\arsh environments where S e [~ (~ % 4
s

e oz rmcron v e
T o

« Internet connectivity is

« Customers require high
t y and
confidentiality
systems are
installed

Embedded Machine Learning
model to recognize patterns
from the generated
Downhole Dynacards

As a result, this is a full E
tion that does not rely on
“always available”
connectivity!

Gibb Equations to
Generats Downhicle Dynacard
From Surface Dynacard

i+
a5 meascred by the loadcel

Onsite deployment

12
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Enhanced with Azure loT Edge

-~ OlliFeld ———— Pre-emptive Repairs
h

s = B & e g

Dispatch !

i et - \ Commissioning /
e & e
—

:

_ Supervision site

oo
Wodbus
>

o
Kﬂ:{}"{)}mh

2 Azure IoT Edge

Use transfer learning to adapt the
models locally

Classifier

Feature Extractor
i I
10

Training |
data
== ;fer
Transfer Learned knowledge {| /

@R Back propagation

Local screen

“Feedback” labelled
Local dataset
Frozen weights




