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“New data” comes in three flavours
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..but that looks a lot like

ihe old data!

Yes but the KPIs are different

Business related
« Business budgets, not IT (Low Capex / l
spend from Opex)
« Show business value — early, and
confinuously

Our data managers are highly skilled
“librarians”

* curate measurement data
 Ad hoc management of interp
« “work to spec”

...but want to deploy their domain
expertise much morel




 Finding relationships with
complex data sefts

« Characterising behaviour
and understanding the
demographics of data

* It can be applied to:

— Data profiling and QC
— Data preparation

— Data mining

— Operational processes
— Data art




What does a data scientist look like?

No such thing as a
perfect data scientist

You need outstanding
data management and
data engineering skills
(and culture)

For sustainability and
deployment you need
platform expertise
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So where does the SCIENCE come in to it?

Let’s widen it out to STEM: Science, Technology, Engineering and Maths

* |In upstream this is:
— (mainly) the physical sciences
— Spatial relationships and geospatial measurements
— Lots of time series
— Engineering concepts
— Operational science

 |t's not like banking and retail — they can do this because they've
evolved with analytics and Bl over the decades and their mindset is
already data-driven

« The applications have grown around the scientific questions and the
mathematical algorithms and many were baked-in or black-boxed
years ago
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« Other industries achieve high value from their data (even their
digital exnaust)

« They use staftistical approaches to great effect

« We've got some very smart people in our own industry but
— They can’t access the data
— They didn't read that part of the maths book at university
— No one knows what tools to use, or how to use them (see abovel)
— NoO one trusts the use cases becouse they're not Oil & Gas
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How do we move forward?

CAN YOU PAsS
THE SALT?

()

I SAD-
T KNOW! T™ DEVELOPING
A SYSTEM T PAss YDU
ARBITRARY CONDIMENTS.
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E&P data management - stuck in the 90s

Curafion and custodianship Self-describing file formats
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Data Management problems in existing workflows

« “Knowledge
development”
applications come with
import filters for specific file
types and specific tasks

« Datais modelled logically
for well-defined (and
hence brittle) processes
that may not reflect all (or
even anyl) use cases

« Only "perfect” data can
be imported into
applications or schemas

New data types, or new
combinations challenge all
of this
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Seismic Drilling Data
Well Logs Core Data
Well Test Data

Formation Tops _
Completions

Checkshot Surveys Production Data
Pressures Fluid Data
Seismic Drilling Data
Well Logs Core Data
_ Well Test Data
Formation Tops :
Completions
Checkshot Surveys Production Data
Pressures Fluid Data

« Kerry Blinston, CGG, ECIM 20]4&(\
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What should data look like?

Don’t be a data hoarder!

Why not store data at a granularity
good enough to extract valuee

« Granular enough

« Dimensioned (time, space)
enough

« Resample, interpolate, aggregate

14  ©2014 Teradata




“Difficult file formats” (Multi-siruciured daia)

 Parse out the measurement ] ; WE ) 5 ] E m %‘f
data E | S WE R E G
i B 4—5’5 a0
* Link it through time and space w0 % \ 5- ) 55 - i\
- Relate using metadata and g Lk i% - E
master data Hn = 0= HE T HE
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16

Dealing with unstructured data

Text

« Language

* Typos

« Consistency

« Quality

Use simple characterisation tools
to understand what is in the data

Don't try to build a whole text
input and cleansing framework
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3203 recalibration
3204 receiver
6895 receiving
1273 recheck
6896 rechecked
6897 rechecks
6898 recleaning
3192 re-cleaning
6899 recomissioned
3206 recomissioning
3207 recommended
6900 recommission
3208 recommissioned
6901 recommissioning
6902 recorded
6903 recover
3210 recovery

227 rectification
3212 rectified
3213 rectify
6906 rectifying
3216 redivert
6907 reduce
3217 reduced
6910 reducer
3218 reducing
3219 reduction
3220 reenergise
3221 reenergised
3222 reestablished
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Profiling data

Historically in E&P

« We've stripped all the context away from each
measure and observation for the sake of more
storage

But now, in 2016:

« Storage is cheap

« If the data is sfill to large to handle then profile and
decimate (it's better than never using it!

noEx | DATE | Twe YOU Wantla caplure. e cs |cs |1 [oar | oF |clo | wap [Rew [P [FF FF2 OLP |BAT |oUT|usD uso2 s AT [LaT e |

556 4072014 |16:47:37 | 1472 | 1504 | 1501 | 1485 | 1501 | 1421 326 | 347 352 | 344 | 325 293 1582 | 1 |83 o |:D.4 2178 63 |90 ‘NA 48 (138 | 167 ||m.ﬂ NA ‘ 137 SBBB|NSU.47EE m‘um??l

57 |40r2014 [1647:63 | 1472 1508 | 1501 | 1465 [ 1501 | 1421 | 326 | 47 | 52| 34 325 | 283 1592 |1 |63 0 (04 | 217 63 (90 |NA |48 [136 |187 [1020|Na | 137 | 6668 |N047 08 |E0N007.72
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580 47372014 | 16:48:01 | 1478 | 1504 | 1507 | 1485 | 1501 | 1421 | 326 | 347 | 352 | 344 | 325 | 293 | 1582 | 13 86 |0 304 | N8 80 NA 48 138 | 1687 [1020 |NA 137 | 5671 | NS0 46 58 | E010 08 51

61 |4nv2014 164607 | 1473 | 1508 | 1507 | 1405 | 1501 | 1426 | 326 | 47 | 355|304 [325 | 293 150213 |79 [0 w4 | 217 63 (90 A |49 |138 187 |1020|Na | 137 | 5674 |Ns048 50 |E01006 51 . }

562 432014 | 164813 1475. 1504 | 1507 | 1485 | 1507 1‘23. 326 | 350 355. 344 | 325 293- 1588 [ 13 | 7|0 ‘30.‘ ﬂ?B. 63 |92 -NA 48 |138 187 | NA I 137 | 5671 .N504534 E01005 31 | R,eupe ?EI po{n‘ .

563 4072014 |16:4819 1‘75‘ 1504 | 1507 | 1485 | 1507 1423‘ 326 | 350 355‘ 344 | 325 m‘ 1588 | 13 | 79 |0 ‘10.4 2‘73' 63 |90 ‘NA 48 |138 |1@87 | NA [ 137 | 5671 'NSD‘GM EC10.05.3 | (Ins'rucnon valua)

S84 41372014 | 16:48:25 | 1478 | 1504 | 1507 | 1485 | 1507 | 1428 | 326 | 350 | 355 | 344 | 325 | 293 | 1588 | 13 | |0 304 | N8 80 NA 48 138 | 1687 NA 137 | 5673 | NS0 4609 |E01005 31 Fluciuaﬁon ~ 1
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587 47372014 |16:48:43 | 1478 1588 | 13 80 |0 304 MNA | 48 138 | 187 NA 137 | 5B73 NSD4584 |E01004T1 I

568 4072014 | 16:48:49 | 1478 s 304 | 2178 63 |63 NA |48 138 | 167 NA 137 | 5663 NS0.4560 |E010.04 11 3

S |4om0n 164055 | 1470 A |40 130 107 A [ 157 | 5663 |N504560 |ENa04 11 | Rise time :
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24l 47372014 |16:4807 | 1479 5B69 | NS0 45 35 | E01003 51 I

&2 4072014 | 16:43:13 | 147) () ‘ NS0.45.09 | E010.02.91 3 > Fa" t]ma
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‘st6 47372014 | 16:48:37 | 1478 | 1 , ' 5658 | NS0 44 60 |EC1001 71 ttd) ;
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Upper stream Upper stream
valve OPEN valve CLOSED
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Democratise your data

Give people access

 Politicale

» Physicale

« Semantic?

« At an appropriate granularitye
* In contexte

This is not some high-minded principal... it enables *good enough” access
for the people who make operational, tactical and strategic decisions
and strips out IT complexity and time.
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Data Engineering: putting it all together

Data engineering should be “good enough” to decide whether it is
worth caring about, before investing in a more rigorous approach.

Spatial,
Chronological, Relationships Operationalisation
logical
Resomplmg, Populo’rlpns and Scaling
profiling outliers

Text

Technical

Measurement

Aggrggo’re Behaviour and impact
statistics states

“Data only has value when someone asks to use it”
« Create demand
* Facilitate access to the data
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The data science challenge

« Give the context back to each measurement:
— Context within population (data set scale problem)
— Context across domains (use fime and space dimensions)

« Let the data speak for itself
— Use statistical techniques first
— Apply domain expertise 1o validate and guide

* |If we care about it then find a better way to enable
access

* Always have a view t1o:
— Business value
— Operationalisation
— Wider data domains
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The Bigger picture

« Data Science approaches uncover:
— patterns and trends in behaviour
— Outliers in populations

 This leads to an understanding of why something is
happening

« Once we have the “why”, we can drive optimisations:

— What leads to effective drilling for a given formation and well
plane

— Quantifying the repeatability of 4D seismic data to de-risk
reservoir decisions

— Where is hidden pay likely to be found in badly interpreted
logse
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