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Background

Closed Loop Reservoir Management — Applications
RGNet — Overview

Hybrid Modeling — Combining Physics and Al/ML
Case Studies
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Towards Integrated Optimization

Multi Level Control Hierarchy
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Long Term

Asset Management
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Typical Decisions

Investment options

Year Development strategy
I I Well location, design
Month Workovers

Medium Term Reservoir Surveillance and Management

e v s 2

Recompletions
Prod / Inj Targets

Short Term Production Optimization

Control & Automation

xy ~

Reference: Adapted from Sankaran etal (2009)

Artificial Lift Opt
Well routing
Prod management

Equipment control
(Compressor, pump)
Choke control
(rate, pressure)
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Closed-Loop Reservoir Management —
Objective

Build a robust and scalable reservoir model only from routine field measurements for closed loop reservoir

management (CLRM): Data Assimilation (History Matching), Forecasting, Production Optimization, etc.

Noise Input Field Output Noise
(Reservoir, Wells, ...) ) ®

Controllable Input

Optimization

Solver J Reservoir

Characterization Measurement
System :
Models
Data :
Predicted Output Assimilation J Measured Output

Concept of CLRM (Jansen et al. 2008)
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Problem Statement Weomars

Build arobust and scalable reservoir model from routine field measurements
for closed loop reservoir management
« Connected reservoir volume, Well connectivity analysis, Forecasting

» Production control optimization, Flood optimization, Integrated subsurface & surface network optimization

Physics-constrained, data-driven modeling

Full Physics
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Reservoir Graph Network (RGNet) s

RGNet — Flow network based reduced physics model for practical reservoir management

Concept / Methodology
 Diffusive Time of Flight (DTOF)
« Transform fluid flow 3D diffusivity equation to 1D DTOF coords

: : I
Key Differentiators " well1

: Tea]  Tomes) Ton)
« Geometry-free approach (no dependence on geological model) oi | Vo2 | Yos You-] Vou wella § I

) ) i ) i To Ti T, T3 Ty-1Tn
* Non-intrusive model built with routine measurements RGNet Model
* Incorporate any physics or multi-physics wir @) @ were
e INJECT2 ‘ ‘

« Parsimonious parameterization

(@ @
! { )
.

o < 000
& 4

Well 3

« Rapid model execution (~1000x speedup)

« Physically insightful and interpretable results
Wy W




RGNet Workflow
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History Matching Assisted Multi-Model History Matched
Parameter Definition History Matching Uncertainty Runs Model(s) Selection

Normal Uniform Pr|0r POSter|0r M
Models Models
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Connected Volume Reservoir Connectivity Forecasting Optimization
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Example 1 — SPE 10 =

Reference: SPE 203390

Forecasting based on reservoir graph network (RGNet) model 1400 1 RGNet Model
12001
B 5-spot pattern flood (SPE10 mod) = 1000,
5
X X D 800 -
3D Simulation RGNet 7
Grid Blocks 132.000 30 g 600 1
’ | VI
No. Cores 6 1 400 1
Simulation time (secs) 570 0.2 2001
0l : : . : : : :
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Example 1 — SPE 10 =

Reference: SPE 203390

Forecasting based on reservoir graph network (RGNet) model : siiged 5 /
B 5-spot pattern flood (SPE10 mod) : 3 ; g =
5 & E
< = :
3D Simulation RGNet § 8 £ L
: = ‘% =
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Example 1 — SPE 10 Weammars
Reference: SPE 203390

Forecasting based on reservoir graph network (RGNet) model

B 5-spot pattern flood (SPE10 mod)

3D Simulation RGNet

ap f2=8 . le= 8=
H W — Pmor — Prior — Prvor
Grid Blocks 132,000 30 s il — rosterior | 4] — Posterior 25 — Postenor
ao
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15
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Merging Physics and Al/ML —

Physics-based

. PDE: L ,£),00=0 .
= Physics-based S0 Y Architecture
Data normalization PreproceSSing outont
- i Hidden ?ML
Data transformation Input — = L= LML + BC(W)
= X ?ML
Data cleansing
ool = Physics-based model Data-driven model
.Noise removal Data-driven model
PDE: L[u(x,t),0] =0
5ofl = Physics-based
O . .
Missing data imputation RegU|arlzatI0n W h at d 0 We cove r?
Physics-based model
1. SVR-DGN: ML-Enhanced History-Matching Algorithm
i RreC 261 Hidden - 2. Sparsity-Constrained History Matching
eference: UkTe A3 output Ph"s'cs'baﬂ“;mm' 3. Hybrid-RGNet: Improve forecast accuracy by adding
X YL Phy ML to RGNet

S\
JSP_E q
d \‘_Ir‘aternatlonal
0 ~;

= L= LML + +aLpHy + ﬁC(W)

Data-driven model
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History Matching Approaches =

Ensemble Smoother with
Multi-Data Assimilation
(Bayes Theorem)

Support Vector
Regression + Distributed
Gaussian Newton

Webinars

History | Foreca

>

Data Mismatch Sensitivity

to Model Parameters

8 FROD1
L_\PROD2
» 6 ANJ‘ECT3",-,‘, —JNECTS
g, V¥ Sparsity-Constrained
2 rovs—L7%° Data Mismatch
INfECTE
§5 2 253 \UNIECT? R

SVR-DGN Sparse



ES-MDA =

 ES-MDA (Emerick and Reynolds, 2011): ensemble-based assisted history-matching algorithm
 Assumption: Generate correct posterior distribution given Gaussian prior distribution and linear problem
* Potential caveat: Tend to yield a single-mode solution while ignoring other modes

History | Forecast

—
T | > [ime
d, d, ds

Multi-modal distribution (Bernstein, 2020)



Hybrid Approach: SVR-DGN =

Webinars
 ML-enhanced history matching workflow (Guo et al 2018)
* Features
— Intend to find multiple history-matched models in different basins
— Combine ML to increase efficiency of history matching Support vector regression
v & input space () Y feature space
Generate initial ensemble m,,,
Reservoir simulation in parallel:
predict y(m) for m in m,,,s
2D problem with multi-modes
. N _ Gauss-Newton TR in SVR: train/update *  SVR accuracyis improved as
S == b, || poworymand | posansssse
& | orona;x?te;r:: r:ai:l'?\:i FomEES and A g (trUSt-regioef;w output Vy(m) for m

size) in Meons



ES-MDA vs SVR-DGN

Explicit Obj to incorporate additional regularization
Capability to find solutions @ differentlocal basins

Utilization of optimization algorithm
Model robustness/diversity

Allow more iterations to improve match quality

ERYTTRa! cost
mw 2Pk

LW,

ESMDA
No
No

No
Medium
No

Relatively low

P
L~
Webinars

SVR-DGN
Yes
Yes

Yes
High
Yes

Relatively high
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Example 2: Synthetic 2D Example Wb

Test SVR'DGN: 5 |tera155|ons W|th 30 sampl!es Testing function with multiple solutions
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Example 3: Unconventional Gas (North

S\
WS:P_E g
A d \‘Jrlternatlonal
-,

pressure,psi

WWPR,STBD

WGPR,mscfD

America)

Well-1

History Matching (ES-MDA)
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Well cell Inner cell X 50

Forecast
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Example 3: Unconventional Gas (North
America) =

Webinars

 ESMDA shows ensemble collapse
 SVR-DGN generates more diverse distribution with same quality of match

ESMDA SVR-DGN

i T 2
6 0.2 -
24 2 2 2 24
I @ ) _ ‘@ ‘n
5 5 0.1 gt g1 5
Q5 [a} o o o 24
0 T T 0.0 T T T T 0 T T 0 T T 0 T T T T
0.0 0.5 1.0 0.0 2.5 5.0 7.5 10.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 25 5.0 7.5 10.0
krgm. nw krwmax krgmax nw
200 A 20 0.3 - 20 10 -
2 2 2 z P
E E 2095 £
100 A i 10 7 E
8 3 20 0.1 ° 8 i
0 T T 0 T T T T 00 T T T T 0 T T 0 T T T T
0.0 0.1 0.2 0.00 0.05 0.10 0.15 0.20 0.0 2.5 5.0 7.5 10.0 0.0 0.1 0.2 0.00 0.05 0.10 0.15 0.20
SWC sgc ng SWC sgc

T T
0.0 0.1 0.2 0.3
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Example 4: Deep Water Asset =

Webinars
. Objective: Connected volume, reservoir Connectivity Total 15 wells (6 producers, 6 water injectors, 3 gas injectors)
analysis, uncertainty analysis and forecasting Hyperparameters
I\Iinner= 21 Nouter= 1
* History matching PVT, SCAL
e Water and gas injection rate control (WIR/GIR) Single region, R;; matched to produced GOR for wells
e Oil productionrate control (OPR) History matching algorithm
e« Match on BHP. WCT. GOR Support Vector Regression — Distributed Gauss Newton (SVR-DGN)

Initial pressure defined at common datum depth

Mobile water access for 2P1, 2P4 grid cells

Field GOR | ) Field WCT

)

zzzzzzzzzzzzzzzz

uuuuuuuuuuuu
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Example 4: Deep Water Asset o~

Webinars

Well 1 Well 6 .
3.0 MedAPE HM Forecast
e e Estimated OOIP
o oo 1 i ResSim  1.69 13.69
BHP Th it M > 7 RGNet- Peak 3.15 & %
w000 a0 >0 - RGNet - Best-Matched 3.19 RGNet 1'4% 8'6%
| e | e 2 Reservoir Simulation 2.80 Blind validation (~8 months)
" ‘ g 1.5 o o1
GOR ” i o . Singlerun 3.3 secs
° [ e 104 | FUlHM 16 mins s
0%019 12 202008 202105 2022-01 i 00}0!91? 2020-08  2021-05 2022-01 (100 realizations x 6 iters) Pso conneCtIVIty
30000 30000 4 0.5 -
OPR - 1
10000 10000 4 0.0 T T I I
1.5 2.0 2.5 3.0 3.5 4.0
WCT woe 6 producers, 6 water injectors, 3 gas injectors
oo Staged history matching— SVR + DGN
o081 R H 0024
I icaadconniite | N IV ATNRD N OS Rate control — match on BHP, WCT, GOR

S\
%PE%
d \‘Jr‘rternatlonal
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BHP

GOR

OPR

WCT
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Example 4: Deep Water Asset

Well 5
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Webinars

Well 6
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Example 4: Deep Water Asset Webinars
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Sparsity-Constrained History Matching

Original: Connect all the wells

Improved: Connect wells based on
distance and prior knowledge

Further: Decide connections
dynamically by matching data?

; INJECT?2
INJECT1

D2 INJECTS

NJECTS

Egg model

S\
WS:P_E g
A d \‘Jrlternatlonal
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Webinars

Existing Connection Method

Y.\
ONTEESR
AN

= =

SAR LS~

\\\\E“x\‘\ ”’g.""{
J R ",

>

N

Dense connection

Max-min distance Delaunay triangulation

1. All well-pairs are considered 2. Find threshold distance (TD) and

connect wells with distance < TD

3. Connect nearest neighbors
4. enforce user-defined connectivity or constraints

Connectivity Visualization Based-On Line Thickness




Sparsity-Constrained History Matching =

Webinars

e Sparsity-constrained optimization with SVR-DGN
— Add regularization term to enforce sparsity
— Simultaneously determine well connections and match data

1 1
minimize O(m) = > (dgim — dops)? + EA . T2

data mismatch  sparsity

</l

A
™ /'\*

A

Initial Connection HM Connection (sparse)




Example 5: Sparsity Analysis

Egg Model
Benchmark
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Example 5: Sparsity Analysis

e 8injectors and 4 producers
12x11

= 66
* ~50% of connections are disconnected after history matching

 Full connection number =

40 1

35 A

30 A

-
"
W}spE 4
*® International
e Narx
-,

Data mismatch

M non-active

300 -

[
o
o o

150 -

100 A

50 A

50 -+

Webinars

o0

lter

T3

[

2 3
lter

Data mismatch goes down and # inactive
connections goes up with iterations



Example 5: Sparsity Analysis =

Webinars

Well connection uncertainty
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PIML + RGNet —

Webinars

* Use physics-based ML to improve RGNet HM/forecast
performance

— Train ML model to predict difference between model response and data
— During forecast period, apply the difference to correct the forecast

Physics-based
Architecture

PDE: L{u(x,t),0] =0

Hidden

Qutput
Ymr
= L= LML +3C(W)

Physics-based model Data-driven model




Example 6: Deep Water Asset

 Same example as Example 4.

>
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Webinars

* Intentionally remove mobile water in RGNet to test hybrid version.
* Training is based on history-matching period (75% of full history)

Training Error:

WBHP WWPR Mobllewaterls removed m RGNet
T ' T T T L T 2 T T .I“ 1600 L T 1()00 5 H
10000 -« R2.Hybrid RGNet : 0.997 Fil 10000 -+ R*=-RGNet + 0.787 R2- H\,hud RGNet : 0 996 R RGI\et -0. 101
] 1400 F 3" 1400 F
o M,
9500 - 9500 - 1200 | gy 1200
Py -
“» 1000 3 1000 F
9000 F 9000 - } 00 | R 800 -
AN A ¢ . ’p-
. 4 . 600 - I 600
8500 8500 - R Qi Cul
T 200 4 200
- F ~—p oo $ Sl
8000 8000 | W‘Q WP o ditth?
1 1 1 1 1 1 1 1 I 1 U [ | L | | U [ | : | | |
8000 8500 9000 9500 10000 8000 8500 9000 9500 10000 0 500 1000 1500 0 500 1000 1500




Example 6: Deep Water Asset —

L )
Webinars
[ ]
Testing Error:
| , , [WBHP , | 1 , WWPR: Mobile water is removed in RGNet
- | R*Hybrid RGNet: 0.974 g1 oo 00f *  R*RGNet : 0.909 ] . : : : : : . : ‘
;f ? 2000 F e RZHybaid RGNet : 0935 1 2000 F «  RZRGNet : -0.203 1
s - 1 9250F Yo 1750 F 1 1m0} -
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Example 7: Permian Unconv Oil Well "~

o
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Well cell Inner cell X 50

N
Well-1 | )y e [

e Best Matched Model
o Oil rate as well control
o Match BHP
o History of 8 years; match 4 years and predict rest.
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Example 7: Permian Unconv Oil Well

Data smoothing: 20 days’ rolling median

ML-enhanced Forecast

S\
%PE%
d \ﬁlr\\ternatlonal
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BHP.psi

L
Webinars
bhp smoothing
—
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Summary —
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* Flow network-based hybrid reservoir models enable Closed Loop Reservoir Management

 Combining ML with RGNet enhances both accuracy and performance:
— ML-enhanced history-matchingalgorithm (SVR-DGN)
— Sparsity-constrained history-matchingto decide connection and connectivity together
— Physics-informed ML to enhance RGNet prediction accuracy
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