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Webinars

e Digital Transformation Enablers

* |s an Intelligent System right for you?
— SME vs. Data Scientist

* A Few Examples
— Data Analytics — traditional application
— Anomaly Detection: Gas-Lift, ESP
— Failure Prediction: SRP, ESP
— Pattern Recognition: SRP
— Virtual Flow Metering: ESP, Plunger Lift
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Digital Transformation is Accelerating...

Enabler Digital Qilfield...

“up to 25% savings in OPEX, up to 8% higher production rates,
2-4% lower project costs, and as much as 6% improved
resource recovery within the first full year of deployment...” !

BP-Valhalla, Field of the Future®: Production increase > 1.5
MM BOE/year 2

Shell: “10% sustained improvement in production, 5-10%
increase in recovery, 20% reduction in OPEX, and 75%
reduction in workflow cycle times in core processes.” 3

Sources:

1. IHS-CERA, Chevron’s Next magazine, Issue 5: http://bit.ly/29rFpgR

2. BP’s Field of the Future, http://on.bp.com/29EwtHp

3. Deloitte, Unearthing the potential of digital oilfield technology, http://bit.ly/29waG44
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JPT

JOURNAL OF PETROLEUM TECHNOLOGY

Digital Transformation at
BP is Starting to Add Up to
Billions

Trent Jacobs, JPT Digital Editor |
16 May 2019

Topics: Data and information management Offshore
Production and well operations Sand management/control

Webinars

JPT

JOURNAL OF PETROLEUM TECHNOLOGY

How Southeast Asian
Upstream Operators Are
Digitalizing

£[win =

Matt Zborowski, Technology
Editor | 01 June 2019

Topics: Data and information management Intelligent
fields/surveillance R&D
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Is an Intelligent System right for you? =

Webinars

* If you can solve your problem without an intelligent system maybe you
should

* Problems for ML/AI:
— Big problems: require a lot of effort to solve
— Open-ended problems: problems that continue to grow over time
— Time-changing problems: where the right answer changes over time

* needs ability to detect that changes and to adapt quickly enough to
be meaningful

— Hard problems: problems that push the boundaries to what we think is
possible
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SME vs. Data Scientist

Webinars

SME:
e Learned in domain

* Domain expertise
 Knows how the tools work
 What data is available?
 Which data matters?

Is the data good?

Data Scientist:

 Learned in data science

* Data science expertise

* What models are available?
* How processes work?

e How good is the model?




"

Data Analytics — Traditional Application =

Webinars
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Input Drift Tracking
Performance Drift
Online Evaluation

AT
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Runtime Environment
Scaling

QA

Logging/Alerting
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* Acquisition
* Exploratory Analysis
* Preprocessing

F'J JH * Splitting

K
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Feature Engineering
Training
Experimentation
Evaluation
Comparison
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Typical ML/DL Workflow

Machine Learning (ML) & Deep Learning (DL) Workflow to Predict Two-Phase Flow Rates ‘
Through Wellhead Chokes

s

1
: 5 Collect data records Step 5:
testing subsets { .
Bedon Aot e from wells Verify normalized Atep g:
seawaraomesoa. ‘ values and value Calculate prediction errors in
Configure algorithms ‘ j limits terms of APD%. AAPD%. SD. ||
with optimizers Step 2: MSE, RMSE and R? for all
| Sort data records in DStdepd c?:t algorithms
Normalize all samples| terms of their B g
: dependent .rgcords lnto_ Step 9:
| variable vallies training and testing Select the ML or DL
Find the best weight ~ subsets method that minimizes

for each variable prediction errors

Step 3:
Establish maximum
and minimum

Step 7:
Chose all input
variables to compare

Compare the

predichion variable values ML & DL algorithms
performantfes of each e — r , l - Fig. 5 Schematic diagram of the workflow
algorithm ‘ sequence applied for comparing the prediction
) S Step 4: performance of ML and DL algorithms
MS;!:EN 5 Evaluate performance Normalize variables
" b, ; with testing subsets || in arrays betwe Source: Barjouei et al. (2021) Prediction performance advantages of deep

en -
1and +1 / machine learning algorithms for two-phase flow rates through
| wellhead chokes. J Petrol Explor Prod Technol 11, 1233-1261 (2021).




Anomaly Detection

Failure Prediction
Virtual Flow Metering

WHAT PROBLEMS ARE BEING ADDRESSED




Cycle Times — Data Loops are fast for

production Webinars

Fast Loops Slow Loops =

Reservoir

Operation

evice/Machine

Modeling Simulation

Months Years

Source: Al-Mubarak, S M. "Real-time Reservoir
Management from Data Acquisition through

Implementation: Closed-Loop Approach." 2008
doi:



https://doi.org/10.2118/111717-MS

Anomaly Detection

Webinars

Objective:
Discover error or discrepancy in data signaling an event (ex: imminent failure, defect)
Learn what “normal” data looks like then use data to detect abnormal instances

Traditional Data Analytics: Y
* Analyze magnitude, period and signature of data event
* Use trends, calculus (derivatives), curve interpolation (Fourier)

ANOMALY
DETECTION

Machine Learning Models:

* Unsupervised learning techniques (ex. Clustering, Gaussian mixtures)
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Diagnostics by Integration of DAS,

DTS & Conventional Data for a

N t h S W | I Source: Webster, M, Integration of DAS, DTS and conventional data,
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https://www.youtube.com/watch?v=Rh4RwjhjFAA

DTS Analytics for Anomaly Detection in —

Lo

G a S Lift Webinars
Source: Bello et al. (2018) Integrating Downhole Temperature Sensing Datasets
and Visual Analytics for Improved Gas Lift Well Surveillance, SPE 191626
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IL Event

[ L1

[ Motor Temperature: 92 C ]

W\\_(» e 1

o

[ Discharge Pressure: 2122 PSI ]

[ Intake Pressure: 754 PS| ]
&
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[ Motor Temperature: 85.4 C }

[ Discharge Pressure: 2317 PSI }

SIERmEET N

{ Intake Pressure: 684 PSI }

[ Drive Frequency: 45 Hz ]

{ Motor Current: 42 Amp ]

W;‘ﬂ

@
[ Drive Frequency: 45 Hz ]

[ Motor Current: 54 Amp }

ESP Anomaly
Detection Engine

Day 1 Day 5 Day 9 Day 13 Day 17
00:00 00:00 00:00 00:00 00:00
83 - Results without tailoring 3 - Results with tailoring
Source: Nguyen et al. (2020), Real-Time Automated
Event Detection Framework for Electrical 011 .11
Submersible Pumps, SPE 203277
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Failure Prediction

Webinars

Physics Based approach

Failure by Depth
Data Analytics Steps: " _
Descriptive analytics = what is happening
Predictive analytics = what will happen i
Prescriptive analytics = how to make an event happen
o gu=efaeendy _..:::,f_-.m\w““nww .......
DESCRIPTIVE ANALYTICS PRESCRIPTIVE ANALYTICS _
. : Implement Changes
An accurate analysis of the type of failures should w ) g :
b sk — Define Key Performance Indicators S
e established: e Equipment Load, Production Rates, Failure Index ‘ Dein ‘ y | CoraslonfErsion ‘ "mi‘" Tossof
— Determine the Failure Frequency Rate (FFR) — Offer recommendations \\ Rodpes \ sois \ e
. . . . i imi i ’ T W\ L4
— Determine Equipment Failure Frequency (EFF) S (T::‘rget to Improve Failure Rate & Maximize Production \\ \\\“':& \% \\\\ %,p%
. site Changes \ \ VAR N\
— Operating Expense (OPEX ) — Manage by Exception \ Y% \
— Perform RCA e Set Alarms (i.e. rod load, gearbox, pump efficiency) \ \ \N 4 L nraive
; 2 E —— 7 7 I
Apply specific Algorithm decision tools, such as: — Modify production set points [ e S o,
o ) ) * SPM, stroke length, idle time, etc.. / f—T— —ﬁﬁ
— Decision Tree, Flshbom_'—_* Diagrams, Field Modifications I""‘. ;m‘ L"‘.@ %‘u | ¢ ,"Fim
Pfareto/ Bar charts, bral!‘\storm, — Future intervention planning \ A "‘-,‘5; "".‘Iai‘f'g‘ oy Ouoome " Cuden outiome
histograms, system attributes o (i.z.gump bﬁre change, metallurgy upgrades, gas separators, V3 ; Y C o —
. . Pum Operati \ Deviation Mo OK
Goal: Reach more informed recommendations SN ChRTRE €1t I P Ve : il S
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Failure Prediction

Machine Learning approach for ESP Webinars

------ ] Introduction

|_'_| -W Analytical Data Modeling

----- M Machine Learning

----- M Approach and Process

=-J| Data Preparation

----- M Data Gathering

----- T Data Pre-Processing

=-J Model Buiding

----- T Dataset Sample Selection

----- M Model Training

----- M Feature Selection and Engineering
----- T Parameter Tuning

=-J Model Testing

----- W Creating a Dataset for Model Testing
----- M Model Scoring

----- T Test Results

[—]] Model BEvaluation by Well Owners (Operator's Blind Test)
----- N Methodology

----- M Operator's Blind Test Results

----- N value Generated by the Analytical Model
----- ] Conclusions and the vay ahead

----- M References

EI ] ESP Well and Component Faiure Prediction in Advance using Engineered Anabytics
- A Breakthrough in Minimzing Unscheduled Subsurface Deferments
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Installation and Commissioning
data
Downhole Gauge: Pump

Well Completion information Discharge & Intake pressures,

ESP Well Failure history Motor temperature, Intake Well Model Based Calculated

Ad-hoc information (emails, temperature, vibration etc. Data: Inferred production and

spreadsheet, reports, photos) | Motor Controller: Electrical Pump Efficiencies calculated
readings, well running status and from the' Physics based models
trip conditions. in Real Time

Surface Pressure Gauges: Tubing
head pressure, Flow line
pressure

Supervised learning approach: Random Forest based classifier developed
using above and engineered features like standard deviations, param
differences across fixed time intervals, differential pressures, etc.

Well Level Failure and component level failure models developed.

Source: Marin et al. (2019) ESP Well and Component Failure Prediction in
Advance using Engineered Analytics - A Breakthrough in Minimizing
Unscheduled Subsurface Deferments, SPE-197806



Failure Prediction

Machine Learning approach for ESP

Webinars

Routine
Check

Machine
Learning

Engineered Features

Ana!yt-ics . : Failure Probability
Prediction : !
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Data driven models captured
58.62% of the well failures
and 66.66% of the pump
failures while keeping all
false alarms negligible.

The Blind Test confirmed
that ESP Well Failure model
scored a high precision of
89.47% and 75.86% accuracy,
the ESP Pump (component)
Failure model scored a very
high precision of 92.31% and
88.11% accuracy.

Source: Marin et al. (2019) ESP Well and Component Failure Prediction in Advance using Engineered
Analytics - A Breakthrough in Minimizing Unscheduled Subsurface Deferments, SPE-197806



Objective:
Identify downhole

conditions using
downhole data

Downhole Card Cardslice Slopes

Downhole Card Position Spans

Segment data into load
and position segments

Position and load
segments can be
analyzed as distributions

V. Pons, “Accurate Rod Pumped Well
Control Using Modern Techniques, 2016
Sucker Rod Pumping Workshop, OK
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Downhole Card Load Spans

A library of
downhole
conditions
can be saved
in the form of
a position and
load
distribution
Every new
card is
segmented
the same way
and it’s
position and
load
distribution
compared to
the library
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WellWorx — Rod Pumping Course

Limitations:

* Downhole conditions are finite but
can take many different shapes in

downhole data

* Alarge library of downhole data

slows down the process
* Combination of downhole

conditions are difficult to predict
*  Success rate of pattern matching

varies depending on data




Pattern Recognition — Machine Learning
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SPE 195295 - “Predictive Maintenance for Rod Pumps” — Dr. P. Bangert, Sayed Sharaf

* QObjective: Diagnose rod lift downhole cards in real time

e Dataset: 35292 cards from 299 beam pumps from Bahrain

* Process — Evaluate different methods for feature engineering and compare results on data set

Models Considered:

* Library based

*  Model based

* Segment based
e Other

Different models and data
treatment methods were
investigated to return best
possible result.

\Bcam Pumps

Raw Dynamometer Card Feature Vector Classification

Bias-Variance Trade-off
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* Procedure of generating and using
classification model

*  Formula taking card’s features as
input and produces a class
number as output

Bias vs. Variance:

Vertical position = bias =
average number of errors
Vertical span = variance of
error

Table 2—Classification performance of the best model on the test data set. For each class, we specify how many training and testing
samples were used. The model performed perfectly on all training samples but made a few errors on testing samples, as specified.
Category Training Samples  Testing Samples Incorrect

Normal 8557 1529 0
Flusd Pound (Slight) 3347 955 0
Flusd Pound (Severe) 93 15

Inoperative Pump 1981 379

Pump Hitting Down 1740 303

Pump Hitting Up and Down 258 407

Tnoperative Pump, Hitting Down 9045 1626 1
Traveling Valve or Plunger Leak % 15 1
Standing Valve. Traveling Valve Leak. or Gas Interference 345 62 0
Results:

Using stochastic gradient-boosted decision
tree model

Accuracy = 99.9%

Evenly distributed errors

Library data set of over 35,000 downhole cards




Virtual Flow Meter — Choke Flow Prediction =
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Source: Barjouei et al. (2021) Prediction performance advantages of deep machine learning algorithms for two-phase
flow rates through wellhead chokes. J Petrol Explor Prod Technol 11, 1233-1261 (2021).

* Paper provides details on the methodologies,
workflows, and complete dataset.

Table 11 Data record statistical characterization of the variables in this study
Dataset Variaples for Prediction Two-phase Flow Rate from Wellheads in the oil Fields
Field Variables Wellhead Choke Wellhead Pressure Oil Specific  Gas to Liquid Ratio Two-Phase Flow Rate
Diameter Gravity
Symbol D64 Pwh Yo GLR QL
Units inch/64 psig % Sct/STB STB/day
7245 dataset Mean 65.7 319 1.00 135.3 11,667
records from Std. Deviation 15.2 169 0.06 429 3625
Sorush Oil Field v, 55nce 2315 28,718 0.00 1840.1 13,137,230
Fluid Minimum 33.8 131 0.93 3.0 660
accelerates Maximum 111.9 1024 1.07 217.0 23,700
Fluid enters th"c’r‘:g:e‘he 113 dataset records Mean 54.5 1280 0.86 858.6 8549
the choke —» from Oil Field of g4q. Deviation ~ 16.9 349 0.02 4403 5376
Pupstream: T1 1 st South Iran Variance 2824 120,507 0.00 192,106.3 28,641,000
- Minimum 24.0 50 0.81 107.0 1324
* Maximum 80.0 2940 0.92 3660.0 22,150
Fluid leaves
the choke

Poownsream. T2 Entire dataset in spreadsheet format is available here: https://bit.ly/2SZDIJK


https://bit.ly/3vRbUiH

Source: Barjouei et al. (2021) Prediction performance advantages of deep machine learning algorithms for two-phase flow rates
through wellhead chokes. J Petrol Explor Prod Technol 11, 1233-1261 (2021).

Predicted vs Measured Flow Rates
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https://bit.ly/3vRbUiH
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Virtual Flow Meter — Plunger Lift _—

Source: Akhiiratdinov et al. (2020) Data Analytics Application for Conventional
Plunger Lift Modeling and Optimization, SPE 201144

e Using plunger arrival and pressures data, determine the Pt b1 qu
gas flow rate to back-allocate the flow rates. PAS
— Challenging or computationally expensive using traditional physics-based 1 |- Pc —
model Y
* Approach:
— ANN - 3 hidden layers, 10 nodes each layer
— Brute force approach utilizing raw pressure and flow rate p. - casing pressure
data in the ANN does not yield acceptable results e line prassure
— Physics-guided features — pressure differentials and flow 4o - gas flowrate
- . plunger arriva
rate transformations — provide better model performance. sensor
 More training data helps evolve model into better
prediction performance. I




Virtual Flow Meter — Plunger Lift

Source: Akhiiratdinov et al. (2020) Data Analytics Application for Conventional
Plunger Lift Modeling and Optimization, SPE 201144
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(d) Model parity plot for the full test set
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(b) Model predictions for 6 hours of the
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(c¢) Brute force model predictions for 6
hours of the test set — 9 days training

set.
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p. - casing pressure
p; - tubing pressure
p; - line pressure

q4 - 9as flowrate
PAS - plunger arrival
sensor




Conclusion

Webinars

Data driven approaches are increasingly being applied in the artificial
ift domain

Prevalent applications cover anomaly detection, failure prediction
and virtual flow metering

The use of ML helps save time, minimize effort, improve quality,
increase yield, limit human error, increase accuracy and lower risk

Only about 5% of data collected is being used with great results —
imagine the possibilities if we could automate learning for all
collected data. This would maximize efficiency and can only be done
with ML techniques
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* While ML/AI approaches promise new pathways to solving our
operational and design challenges, AL and the production
community needs to actively pay attention to and participate
in the data lifecycle from cleaning through modeling to
production-deployment and retraining.




