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Welcome!

The program will begin soon.
You will not hear audio until we begin.
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Towards Integrated Optimization

Multi Level Control Hierarchy

Year
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Long Term Asset Management
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Medium Termi Reservoir Surveillance and Management
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Short Term i Production Optimization

e Frommmmmmmmmmomooo-  ESROEEE

[ Control & Automation
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Reference: Adapted from Sankaran et al (2009)
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Typical Decisions

Investment options
Development strategy
Well design

1 Workovers
Recompletions
|Artificial Lift Strategy
Prod / Inj Targets

:
1
I Artificial Lift Opt
: Well routing
| Prod management
Equipment control
(Compressor, pump)
Choke control
(rate, pressure)




Well
Interference

Anomaly Liquid
Detection Loading

PVT BHP
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) Optimization

Art Lift
Timing &
Selection

Art Lift Opt

(ESP, GL, SRP)
Continuous optimization to recommend
opportunities and realize value

Forecasting What can | do to improve asset
performance?
Well Perf

Analysis
Augmented engineering intelligence by hybrid

modeling, combining physics and data-driven methods

Survei"ance Why is it happening?

Advanced monitoring of all relevant assets
(reservoir, wells, artificial lift, network)

What is happening with my asset?

Reservoir Management & Production Optimization
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Hybrid Modeling in Unconve

Physics-constrained, data-driven modeling

Full Physics

References
e Hybrid bottomhole pressure (URTeC 5261)
e Transient well performance (URTeC 5023, 3723189)

ntionals

Data-Driven

e Multi-phase forecasting (URTeC 5023, 3723189, 371899, SPE 213103, 212981)

¢ Production optimization (IPTC 22493, URTeC 3724117)
e Parent-child interference (SPE 195813, URTeC 3864683)
¢ Reservoir graph network-based forecasting (URTeC 3718999, 3855422)

e Artificial lift timing and selection (SPE 213089, 213040, URTeC 3864002)
¢ Data-driven discovery of unconventional physics (SPE 213004, URTeC 3858897)
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Hybrid Modeling Strategies

ps __H
== Physics-based
= Preprocessing

L
» L= Ly +BC(W)

Data cleansing

&-

Hoise remaval

P | “~
ogf) =

Physics-based
POE: Lou(x,0),8] = 0 Architecture

Wissing data imputation

Physics-based model

L= Ly, +BC(w)
Reference: URTeC 5261

Physics-based
: Regularization
Data-driven model

Physics-based model

Qutput

i

Data-driven model

?Hﬂ-
= L =Ly, ++alpyy + pC(W)

Webinars

PDE: £L]u(x,t),0] =0

Physics-based model
I Yeny
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Unconventional Well Performance Analysis =

Objective

Determine transient well performance from routine unconventional operational data (rates and pressure)

PRESSURE BASED RATE BASED

DATA DRIVEN

Transient Well Performance Decline Curve Analysis (DCA)

Numerical Simulation Rate Transient Analysis (RTA)

10000 T s W1
Integral normalized pressure /
e L —1
100 [ i d
E { B
=
Integral normalized pressure derivative
P T R T AT
1 10 100 1000
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Unconventional Well Performance Analysis =

Methodology (Transient Well Performance)

Diffusive Time of Flight
(Pressure contour propagation)

d

Ctd_te(RNP)

Succession of pseudo-steady states
(Expanding control volume)

N,(t,) No(t;) N, (t,)
vit,) v(t,) v(t,)
Pavglts) Pavglts) Paglts)
a(pyp)
ot +V-(pv,) =0

Pi — Pavg = T(Np' Vd)

Transient Productivity Index (PI) normalizes well performance from surface operational effects

—
Webinars

Pl-Based Forecasting
(Pressure-aware, multiphase)

Fit Liquid PI

QU0 = £ (PI©), Paug (©), Py (©))
| Forecast Liquid Rate (with
abandc i

ndonment constraints)

| Forecast Oil and Water Rates (with

abandonment constraints)

Fit Gas-Oil Ratio

Forecast Gas Rate (with
constraints)

Pl = f(t,Np, PI;_y)
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Webinars
Artificial Lift
Timing and
Selection
Pl-Based Artificial Lift
Forecasting | Optimization
PRODUCTION

FOCUS

Completion |
Performance
Evaluation

Liquid
Loading

Drawdown
Management |

10
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VIRTUAL BHP & LIQUID LOADING

11
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1. Bottomhole Pressure =

Webinars
* Physics-informed machine learning ~
e e . A e == = % o : ! ¢ 4 :
] x:1‘ | —! - .. R ¥
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1. Calculate BHP using 2. Identify best correlation for 3. Fit ML model to predict BHP
multiple flow correlations wells with clean gauge data from input features

Oil API

statc for each el
Hagedorn & Brown .
Solution GOR
Mukheriee & il
SRR s

Beggs & Brill

Orkiszewski

Duns & Ros
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1. Bottomhole Pressure =

Webinars
* Physics-informed machine learning ~
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1. Calculate BHP using 2. Identify best correlation for 3. Fit ML model to predict BHP
multiple flow correlations wells with clean gauge data from input features

Oil API

statc for each el
Hagedorn & Brown .
Solution GOR
Mukheriee & il
SRR s

Beggs & Brill

Orkiszewski

Duns & Ros
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1. Bottomhole Pressure =

Webinars

* Permian Basin (118 wells)

Mukherjee & Brill - 36.1%
035 Total wells processed 118
030 Blind data for 72
validation (Gauges)
5 0251  Beggs & Brill -21.3%
o Error (MedAPE) 3.7%
3 020 Orkiszewski— 18.9%
é Duns &“‘?s -14% Hagedorn & Brown — 17.4%
e g ML1 - 115%
8015 Best correlation ML2—7.8%
< predicted by well Best correlation
010 predicted by timestep
T MB-3.7% i
1 ]
005 H }
! 1
1 '
0.00 1 i
E g g | g i
s | E— i
£
5
[=]

Beggs & Brill
Mukherjee & Brill
Orkiszewski
Hagedomn & Brown

14
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1. Bottomhole Pressure

* Permian Basin (3290 wells)
— Blind test validation (xx wells)

|
1

CDF

NN 07/2023 MedAPE Smoothed
L |
Bo{
g
£
MedAPE P50 E
o, w |
5.81%
~—— 07/2023 MedAPE Smoothed
w e e Yot 0 i
MedAPE (Median Absolute Percentage Error) MedAPE (Median Absolute Percentage Error)

“Virtual gauge” for BHP estimation with high accuracy and consistency

Webinars

15
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1. Liquid Loading

Objective: Detect and predict proclivity to liquid loading events in producing wells

Webinars

Detection Critical Rate Tuning Prediction
* Identify wells currently experiencing * Dynamic critical rate tuning factor * Identify wells tending towards liquid
liquid loading * Optimization-based estimation of loading (insufficient energy)
* Empirical and data-driven detection corrected critical gas rate * Estimate time to liquid load
methods

Criticol Rates
25m

2

Gas Rate (Mhscfd)

Nodal Analysis

Pressure

| . A n
o \
8.3ep S50 l0.Sep 13.3ep

Nsep  1zSep

— TumerGos — Coleman Gas Nagoo Gas

- Actual Gas _

Current

Material Balance

P/z

Current

A .
Rimelto 3\;0 Forecast]
Liquid Load

M.5ep  15.3ep

Cum Gas
J

Empirical correlations may not always accurately predict liquid loading

16
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1. Liquid Loading

Webinars

Woodford Shale

Well A

6000,
4000
2000

(pyos) ey seop

cted

4 events dete

s 5 =

(ersd) dHM

Well instabilities are automatically detected to catalogue liquid loading events

17
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1. Liquid Loading =
Webinars
Woodford Shale — Well C (no liquid loading)
1e6
> B )
- B0 . g .
g Calibrate critical rate tuning factor to
g4s] T e PR R e e s e reduce false alarms and improve accuracy
; 2.0 —e- Turner
[\] —=- Coleman
—=- Nagoo
35 S ———— D I
> > o A > N -
4;0‘9 4,&” 4,9@ of & o d “’@ﬂ 4>°0
’ﬁ’t ’&’L ,LQ’\/ Ng ,LQ’L ,LQ’L /§W
Datetime
le6
3.40
335
330
= - qcrit corrected
g325 —— qg
8320
315 % .
3.10 3
N > o o > >
,a,eq’” ,,’,0@ & ,’,0“"\' 4)9‘*’) %,c‘"ﬂ "
& & wéc) & & & w‘"f)
No liquid loading detected — critical rate tuned to correct empirical correlation
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1. Liquid Loading =
Webinars
Woodford Shale — Well D (liquid loaded)
800000
£ 700000 Calibrate critical rate tuning factor to
2 600000 | 7w reduce false alarms and improve accuracy
L] - - ,’/” o leman
éSOOOOO T 7 — fl:lgooa
400000 SR ’___,.,,_;',,,,‘,—r“‘"”"”‘ﬂ_ fE
& o"-’O 0‘5\‘? m“’:\:\
s g 7 &
Datetime
11 1le6
(== qcrit corrected
101 —— qq
So9
:;’08
% 07
© o6
0.5
p%:\x/ Q‘b’xo’ Q‘b:\(? Q‘b:\/\ 9%:\% QQ;Q Q‘b:‘:,’
& & & & & & &
Liquid loading detected — Turner critical rate tuned to reduce false signals
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1. Liquid Loading

Woodford Shale (87 wells)

Liquid Loading

Auto Tuned Critical Rate Empirical Critical Rate

Total Gas Rate < Critical Rate Total Gas Rate < Critical Rate

Liquid Loading

Accuracy = 88% Accuracy = 55%

Sensitivity = 82% Sensitivity = 37%

Significantly improved liquid loading detection accuracy and sensitivity

Webinars

20
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PI-BASED FORECASTING
(WITH PARENT-CHILD INTERFERENCE)

21
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2. PI-Based Forecasting with Well Interference =

Webinars

Objective: Detect interference and infer well performance to improve forecasting accuracy

Improve forecasting accuracy
compared to rate-based methods

* Normalize surface operational effects

* e.g. choke changes, surface constraints,
artificial lift, well interference

Quantify impact of interference on
well performance
¢ Field-wide, consistent metrics

e e.g. interference events, drainage volume,
productivity index, avg reservoir pressure

22
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2. PI-Based Forecasting with Well Interference =

Webinars

Pl-Based Forecasting

(Pressure-aware, multiphase) Transient

Productivity Index

< START\\

!

Calculate Liquid Pl and Average
Reservoir Pressure from Dynamic
Drainage Volume

|

Fit Liquid PI Reservoir Pressure

QO = £ (PIW), Payg (8), Puy(D)) Depletion

Forecast Liquid Rate (with
abandonment constraints)

Fit Water Cut

Forecast Oil and Water Rates (with
abandonment constraints)

Oil Rate

Fit Gas-Oil Ratio l
| - Forecast
Forecast Gas Rate (with abandonment

constraints)

23
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2. PI-Based Forecasting with Well Interference

Permian Basin

Qil Forecast

1400

Ol Rate (sthid)

Results Validation

L Modeled R? (goodness of fif)
- data
Rate method PI method
3 months 0.464 0.546
6 months 0.632 0.684
9 months 0.740 0.834

o 1,000 2,000 3,000 4,000 5,000 6,000 7,000 8,000 5,000 10,000
Time-On Liquid (days)

® CilRate — Oil Qutput

PIBF improves forecasting accuracy compared to decline curve analysis

—_—

—
Webinars

24
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. .
2. PI-Based Forecasting with Well Interference =
Webinars
Bakken (~1200 wells)
Oil Forecast Hindcasting 3000
A 18.3% o] ' +  MB_HM
18% e Tue
60% 2500 === Inflection
16% _ -= AL
§ a0 14% < ]
£ g £ 2000 4
2 0% 2% § 2
= 10% E S
s = & 1500 4
T:v 30% 2% e g
il <) 1
] £
S 0% L _é 1000 4 *
4% =
10% o "
2%
500 4
0% 0%
30 60 90 120 180 270 365 i
Training Data Sample Size (d) 0
] 500 1000 1500 2000
BN DCA W PIBF =——CError Difference Time On (days)
PIBF outperforms DCA in hindcasting especially during early time  Improved GOR forecasting with PVT and pressure depletion effects

25
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. .
2. PI-Based Forecasting with Well Interference =
Webinars
. . 10’ 1 ® . o
Multi-Segmented PI-Based Forecasting (ms-PIBF) . =
) g — well interference
Breakpoint Detection E £
& w ! E
: Apply multi-segment Pl fit ) Recursively identify all
BlotBiks i tiald produced detection algorithm segments and breakpoints 10° 1
0270108 20220727 207302
bwe g
E 06
Segment Verification Fos
. Apply single segment PIBF for . o vatercut
production forecast s
@ — wellintererence
" 20220108 20220727 20230212 20230831
Calculate change in watercut . Frac-hit i Apply MS-PIBF for production e
and PI at the breakpoints event? forecast : :
H
! Impact Quantification \
Calculate differencein pre . Catalogall events and delta : ;
and post event forecasts cum production forecasts B : £y,

26
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2. PI-Based Forecasting with Well Interference =

Webinars
106
. 5 . 5 . = .
oA s e S s e wwarse | No well interference detected
14001 . — forecast_seg0 g e &0 — forecast_seg0d . —— forecast_seg0
12001 % 150 w000 *
5ol b Sz S ' Hindcasting Oil Rate
& H @ 2 30084 'S
el bk MedAPE
2 gooq = 678 T 2000
8 & 3 g Y o
w0q 5 050 3 A PIBF 8.8%
. 10001 ¢
200 P 025 L o
HCRT . T
o4 * - L} 0004 * - - 04 » - .
2022-01-08 2022-09-15 2023-05-23 2024-01-28 2022-01-08 2022-09-15 2023-05-23 2024-01-28 2022-01-08 2022-09-15 2023-05-23 2024-01-28
Date Date Date
10 -
. Al eay I . . B
forecast_sego 3500 4 — forecast_sego
8 075 l'
o70 200
N 3 i T 25001 aes *
g < 3.
A . 2 0860 L = i ¥ 2000 L, %
£ E i ¢ G oW
. oss{ [5% —— 1500 Ch') B
244 e . i 2 -
. i S ﬁ water cut %o \b"\
, .\ E b . 37— forecast seqo - 5
2022:01-08 20220915 2023-05:23 2024-01-28 2022-01-08 20220915 2023-05-23 2024-01-28 20220108 2022:08-15 20230523 2024-01-28
Date Date

Pl-based forecast improves rate prediction by normalizing operational variations

27
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Oil Rate (STB/d)

1e6 )
. = 14 5 . =
2000 Oil Rate Gas Rate L Liquid Rate
: —— forecast_seg0 — forecast_seg0 4000 T — forecast_seg0
. — forecast_segl L —— forecast_segl s — forecast_segl
—— Well interference —— Well interference _ o —— Well interference
1500 5 10 2 3000 ‘
b g
1000 I 3 20001
2o 2 2900
2 E
50 o o ©oa L5 J
[ *' & 1000 X w?t
1%7 ——_ 02 P
n . ¥ . g )
[} LS .o - 00 0 e -d -
2021-05-03 2022-01-08 2022-09-15 2023-05-23 2024-01-28 2021-05-03 2022-01-08 2022-09-15 2023-05-23 2024-01-21
Date Date
10
. onm g . BHP
” — forecast_seg0 6000 —— forecast_seg0
84 o —— forecast_segl — forecast_segl
" — well interference —. — well interference
3 i & =
£° g 4 3 4000
3 H O E g
g £ | =
ST E q £ 3
=254
- 02 .‘

2. PI-Based Forecasting with Well Interference =

Permian Basin — Single interference event

w

Water Cut
— forecast_sego
“— forecast_segl

00 « . o — Wellinterference

0
2021-05-03 2022-01-08 2022-09-15 2023-05-23 2024-01-28

Date

2021-05-03 2022-01-08 2022-09-15 2023-05-23 2024-01-28
Date

8

2021-05-03 2022-01-08 2022-09-15 2023-05-23 2024-01-28

Date

Hindcasting

Webinars

Oil Rate

MedAPE

PIBF
ms-PIBF

16.5%
7.0%

* Hindcast period — last 90 days

Forecasting

Cum Oil

(MMSTB)

Pre-event
Post-event
Difference

* Forecast period — 1 year

Interference impact on cumulative oil volume forecast +0.15 MMSTB (after 1 year)

0.27
0.42
0.15

28
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17!

151

12!

Oil Rate (STB/d)

P1{STB/d/psi)

50

00

50

1000

10

2. PI-Based Forecasting with Well Interference =

Permian Basin — Multiple interference events

1e6
1 = Oil Rate 1.0 o * Gas Rate il = Liquid Rate
: — forecast_seg0 —— forecast_seg0 3500 { !. — forecast_seg0
—— forecast_segl — forecast_seg1 . — forecast_segl
— forecast_seg2 o8 —— forecast_seg2 3000 — forecast_seg?
— wellinterference | 3 4 — Well interference | 2 d — well interference
& : @ 25001
G os 3 I3 .
% R # 2000
3 . 2 .
%041 L Xe v 2 15001 °
2 3
o o . t 3‘ *
. s 1000{ =
oo " TN e — .
3 ~ = 500 4
B 'y -y s
T o 5] oof o a3 e Ddgm® | of o

2019-04-14 2020-05-

18 2021-06-22 2022-07-27 2023-08-31

2019-04-14 2020-05-18 2021-06-22 2022-07-27 2023-08-31

Date

Date Date Date
¥
.o Al 10 o BHP
e = 4000
A — forecast_seg0 . . L0 — forecast_seg0
u — forecast_segl S i il 3 —= forecast_segl
14 —— forecast_seg2 2 e 3 —— forecast_seq2
— well interference 3 3000 4 * — well Interference
& 508 3 - T
 __ & 25001 RO P .
:‘,’ - L g . = ¥ .
£ os & 2000 {
+ water Cut
forecast_seg0 1500
92 — forecast_segl
— forecast_seg? 3090
00 — Well interference 500 4
2019-04-14 2020-05-18 2021-06-22 2022-07-27 2023-08-31 2019-04-14 202005-18 2021-06-22 2022-07-27 2023-08-31

Date

Hindcasting

PIBF
ms-PIBF

* Hindcast period — last 90 days

Forecasting

Pre — 1%t event
Pre — 2" event
Post — 2" event

Net Difference

* Forecast period — 1 year

Net interference impact on cumulative oil volume +0.02 MMSTB

Webinars

Oil Rate
MedAPE

10.1%
8.6 %

Cum Oil
(MMSTB)

0.49

0.54

0.51
+0.02

29
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2. PI-Based Forecasting with Well Interference =

Webinars

Permian Basin (2424 wells, Q2 2023)

! Field Level Error Metrics — 1 Well Level Error Metrics o

— il — il

— Gas —Gas

® BOE MedAPE ® BOE MedAPE
® Oil MedAPE ® Oil MedAPE
® Gas MedAPE ® Gas MedAPE

oe Oil 0.91%
Gas 0.96%
. BOE 0.89%

s Oil 15.88%
Gas 18.41%
BOE 13.52%

=]

o

.6

e
[}
L]

CDF

0.4 0.4

0.2

MedAPE MedAPE

Automated, consistent and scalable forecasting method from well to field level

30
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ARTIFICIAL LIFT TIMING AND SELECTION (ALTS)

31
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3. Artificial Lift Timing and Selection (ALTS) _
Webinars
Artificial lift — Life cycle optimization
Screening Design Operation
d ™ Best Installed Al =) Actual AL
P oo rtificial Li
Artificial Lift AL tvpw Artificial Lift Alspegs - patforamnes
e . . Operational
Timing & Selection Design L. .
Optimization
. Screen for best long-term AL type . Optimize design based on selected Estimate actual AL performance (efficiency,
*  Estimate timing based on expected AL type wear factor etc.)
subsurface and AL performance . Detailed economic modeling . Update base case with actual AL performance
. Compare base case (do-nothing) . Vendor sourcing and supply chain ¢ Operational recommendations to maximize
with alternate scenarios on optimization production (e.g. pump speed, gas lift rates)
economic basis

32
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Objective

optimization and user-defined sensitivity analysis (Natural Flow, ESP, Gas Lift, Sucker Rod Pump)

3. Artificial Lift Timing and Selection (ALTS)

Automated solution to predict and recommend optimal timing and artificial lift selection for field-wide production

P
Nodal sensitivities for AL scenarios Forecast sensitivities for AL screening

Economic
Analysis

Dynamic Drainage

Volume Transient IPR

Pl-Based Forecasting

E—
—
Webinars

33
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3. Artificial Lift Timing and Selection (ALTS) =

—
Webinars

Ba kke n (50 we I | S) Overall good prediction compared to actual production

* Hindcasting error analysis ' Liquid rate MedAPE Oil rate MedAPE
+ Use actual WHP and ESP frequency history for hindcasting 13% 16%

*since last ESP installed date

Well X Well Y Well 2
| Last ESP installed (16 Feb 2021) Last ESP installed (16 Sep 2020) Last ESP installed (19 Jan 2022)
B L
- \\”‘ os \-.kx—-;.u.r-—-—..__,,____...,,_. R

34
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3. Artificial Lift Timing and Selection (ALTS) _
Webinars
Bakken (50 wells)
* Forecasting analysis with 3 ESP sizes (small, medium, large)
| A NPV by Well (Sot, May 28) -8 [ ‘ 4 Cum. Ol by Well (sat May 28) -9 [ ‘
i D(. — * 800
3 = - — - o
" 25 gé a0 = B -
z 2 S a0 - |
e y .jr& «i: 1 fé‘j 3"&’1 f“n a"i;n""t ;‘.ﬂ“"‘: ;s':j‘é"\ ';_\‘é“v
e T ac-t5  semocec-ts  Kamodec-00  sermadec-iz &
®. ® 4 cum ol ctual
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3. Artificial Lift Timing and Selection (ALTS) =
Bakken (50 wells)

Webinars
* Forecasting analysis with 3 ESP sizes (small, medium, large)

xxxxx doc-87 voume |Georemis | hawl ) €3 X

A -

xormadec-87 Vohime  Economics  Rate @ X

xo®
-
,_—//

g = — = 5 7
3 / H -!' s
> T z
5 ome = i \\\‘_‘_ e

H —_— N

e mm mm mm mw am s S — A
Sp-Bos - " —SP o - argo [ S
T i o el ' o - 9 o ° £ wo 50 206 %0 0 380 L

Twom [ — [ ——— o wote (sTBj0)
552,000 61375320 61754118 5345 68250 P

=-End PR {ESF) —EndVIP (ESF) =-End PR (ESP-Lomge) = End VIP (£SP-lorge) — Stort PR

I Nmbtv‘:o Nmpc:r'\:l
BaseCase | | == Large ESP
\ E
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Summary

* Hybrid models enable field-scale automation

for traditional workflows or new understanding

e
—
Webinars

— Balances speed, fidelity, physical consistency and interpretability for field optimization

» Data-driven discovery of reservoir physics could lead to better interpretations

37
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SPE Webinars are Sponsored by:

SPE

SPE Foundation
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