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Project Motivation

e Geothermal exploration and production are challenging, expensive and
risky

e Diverse datasets available (public and proprietary; satellite, airborne surveys,
vegetation/water sampling, geological, geophysical, etc.)

e How to utilize these datasets for geothermal exploration unknown due to
imperfect understanding of how:

o physical geothermal processes impact subsurface conditions
o geothermal subsurface conditions are represented in observations

e ML is here to help ... (discover how geothermal conditions are represented in
these datasets)
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Project Goals

e Develop a general (flexible) open-source cloud-based ML framework for
geothermal exploration

e Apply ML to discover and extract new (unknown/hidden) geothermal
signhatures in existing large datasets

e Categorize geothermal datasets and generate labels
e Identify high-value data acquisition strategies
e Fuse big data and multi-physics models

e Test and validate developed ML framework

Los Alamos National Laboratory 3



Project Partners
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Phase 2 partners will include:

LANL

Stanford University

Google

Descartes Labs

University of Texas-Austin (Bureau of Economic Geology)

e Julia Computing
e PNNL
e Chevron

Los Alamos National Laboratory



Machine Learning (ML) methods

e Supervised
e Unsupervised
e Physics-informed

Los Alamos National Laboratory 5
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Supervised ML L3 tamos

learns everything from data

requires prior “labeling” (i.e., knowledge about the processed data)

SME needed ML is performed

cannot discover/learn something that is not known already

requires large training datasets

highly impacted by noise in the data

neural networks are difficult to interpret = black box analyses

can recognize cats and dogs but cannot recognize horses if not pre-trained

Los Alamos National Laboratory



Unsupervised ML

e extracts information (features/signatures) from data automatically

e applicable for both categorization and prediction

e produces unbiased analyses not impacted by data labeling,
subject-matter-expert (SME) opinions, and physics assumptions

e identifies features that distinguish images of animals (e.g., cats, dogs, horses,
etc.) or geothermal features

e categorizes data and SMEs can identify (“label”)
animals (or geothermal features)

e SME needed ML is performed -_ir--é__j_:.il:.i‘.-i._.
Bl D 0PN )
eefeide-d bt
i [ R e O
I
e e
T B
e 4

1 ‘l — ' %
Los Alamos National Laboratory 7



Physics-informed ML (PIML) “hetlames

learns from data but includes preconceived science knowledge
physics information embedded in the ML framework or added as penalties

PIML neural networks are problem specific ‘

needs SME inputs related to the analyzed problem

SME needed ML is performed
Math,
Statistics,
Computer Theoretical
Science SeeRrch

increases efficiency, accuracy, and robustness
requires differentiable programming ( julia)

High Permeability Pressure

Low

N
e Cliges
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Flow Stress Displacement
models models models
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SmartTensors

° open-source framework incorporates novel LANL-developed
patented ML methods and tools based on matrix/tensor factorization

° can perform unsupervised and physics-informed ML (PIML)

e Non-negativity and physics constraints can be added = provide explainability

° extensively tested and validated

e ... and applied for diverse problems (from COVID-19 to wildfires and text mining)

e Can efficiently process large datasets (TB's) utilizing GPU's & TPU's

< > e
e Coded in julia; than Python, /»

R and MATLAB; allows

SmartTensors
° is actively developed

° nominated for an R&D 100 award

Los Alamos National Laboratory



GeoThermalCloud + SmartTensors

° incorporates ML tools

e GDR:
e GitHub:
O
O
e JuliaHub cloud computing and data management (Phase 2)
o Julia Computing: leading research company in the area of PIML
and data analytics GeoThermal

Los Alamos National Laboratory


https://gdr.openei.org/submissions/1297
https://github.com/SmartTensors
https://github.com/SmartTensors/GeoThermalCloud.jl
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Machine Learning for unmixing waters

Los Alamos National Laboratory



Machine Learning for unmixing waters

» Water from the 4 buckets is mixed in unknown fashion in the subsurface
» Mixing is caused by various ill-defined processes

Los Alamos National Laboratory



Machine Learning for unmixing waters

» Water compositions of the original water types (buckets) are unknown
» Groundwater mixtures observed in the monitoring wells are only known

\\

Los Alamos National Laboratory
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Machine Learning for unmixing waters

» Using observed mixtures (even if data gaps), the bucket composition can be estimated
» Water unmixing can be done using Machine Learning (ML)

Vesselinov et al, 2018,
Nonnegative tensor
factorization for contaminant
source identification. J.
Contam. Hydrol.

Vesselinov et al, 20186,
Contaminant source
identification using
semi-supervised machine
learning, J. Contam. Hydrol.

Los Alamos National Laboratory


https://doi.org/10.1016/j.jconhyd.2018.11.010
https://doi.org/10.1016/j.jconhyd.2018.11.010
https://doi.org/10.1016/j.jconhyd.2018.11.010
https://doi.org/10.1016/j.jconhyd.2018.11.010
https://doi.org/10.1016/j.jconhyd.2018.11.010
https://doi.org/10.1016/j.jconhyd.2017.11.002
https://doi.org/10.1016/j.jconhyd.2017.11.002
https://doi.org/10.1016/j.jconhyd.2017.11.002
https://doi.org/10.1016/j.jconhyd.2017.11.002
https://doi.org/10.1016/j.jconhyd.2017.11.002

Nonnegative matrix factorization e

X
[20 x 5]

X — data matrix
[attributes x locations|

Los Alamos National Laboratory



X=WXH
[20 x 5] =[20 x 2] X [2 x 5]

X — data matrix
[attributes x locations]

W — feature (signal) matrix
[attributes x signatures]

H — mixing matrix
[sighatures x locations]

Los Alamos National Laboratory
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Nonnegative matrix factorization

X=WXxH
[20:% B] = [20 % '?] X% [T x 5]

= 100 knowns

X |: :| = unknown number of signatures
(2 or more)

= unknown matrix elements of W and H
(50 or more)

Los Alamos National Laboratory



Nonnegative tensor factorization

X~~GEGQHQWRQV

”
m, M]
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Nonnegative tensor factorization

e

Los Alamos National Laboratory 22




Datasets analyzed: Field

West Texas

Tularosa Basin Analyzed datasets include geothermal,

Montana Tohatchi Hot Springs geophysicaL geomeChanicaI,
EYZCTyMNV geochemical, geological attributes

Great Basin

WG . ot Covering various regions/conditions:
= NV, UT, CA, OR, ID, NM, TX, HI

Colorado H
0|
(e

ometers
- Esri, USGS, NOAA
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Datasets analyzed: Synthetic

=
o
8

: g
i 88§ 3

T

e EGS energy production at UtahForge

T

Flow rate (m3/s)

oshear pressure (MPa)

m——

ML using LANL’s code GeoDT
to optimize geothermal energy production

Electrical Power Output (kW)
S
o
o

0+

Time (yr)
cri(x) : mol/L cp(x) : mol/L P(x) : MPa

e SWNM geothermal systems

ML using LANL’s code PFLOTRAN
to characterize geothermal heat sources

Los Alamos National Laboratory



GeoDT Synthetic Dataset

is a novel LANL-developed multi-physics modeling tool (Frash, 2021)

designed to rapidly predict the performance of geothermal systems
including

accounts for:
Well system design (spacing, dip, well diameter, etc.)
Natural fractures
Hydraulic fractures
State of stress
Stress-dependent fracture properties

R DR~

integrated with to find optimal behavioral trends
25
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e Goals:
o Find relations between site conditions and production transients
o ldentify site parameters that increase energy production
o Characterize the impact of state of stress on the geothermal production
o Develop ML model to efficiently predict the system behavior
o) predicts geothermal performance based on attainable site data
° “separates” impacts of physics processes in model
outputs to identify multivariate factors that control geothermal production

=
(5

®>000N000®®>»®®O|F
B

Output
Cumulatiove injection rate

Cumulative production rate 0.08
Boundary outflow rate 0.50
Boundary inflow rate

Production rate / Injection rate .
i Maximum induced earthquake magnitude 0.79
———— = Pressure of injected fluid
L nthalpy of injected fluid
Number of fractures intercepting injectors
Number of fractures intercepting producers
20

Number of stimulated hydraulic fractures
Number of stimulated natural fracutres
Production mass flow rate

N
»

Los Alamos National Laboratory



Parametgr Unit Nominal Min Max | i\l-o-té-; -p-a-rt-iél- I-l ;t- (')f Tt :
Reservoir depth ‘ m 6000 2000 10000 ~100 GeoDT input parameters :
Geothermal gradient K/km 50 20 60 . X
Thermal effects Rock thermal conductivity o 5t = = that will be analyzed (Phase |
Rock volumetric specific heat capacity kJ/m3K 2063 1900 2200 | _ o _____ 2_)_ e _____1
Rock elastic modulus GPa 50 30 90
Rock Poisson's ratio m/m 0.3 0.15 0.4
Rock shear modulus GPa 19.2 13.0 32.1 Stress effects
Minimum lateral pressure coefficient Pa/Pa 0.5 0.3 0.9
Intermediate pressure coefficient Pa/Pa 0.75 0.3 15
Fracture count set#1 Count 10 0 60
F t t Fracture count set#2 Count 10 0 60
racture geome I'y Fracture count #set3 Count 10 0 60
Fracture roughness - 0.8 0.7 1
Well spacing m 300 100 800
Well length m 600 400 1600
Well azimuth deg 0 -90 90 Well design
Well dip deg 0 0 90
Borehole/Casing radius m 0.076 0.051 0.178
Reservoir pore pressure MPa 57.8 19.3 96.2
Reservoir temperature C 325 50 635
Combined effects |Overburden stress Pa 158.9 45.1 274.7
Intermediate stress Pa 133.6 27:1 363.9
Minimum stress Pa 108.4 271 256.8
Cohesion MPa 10 5 15
Friction Angle Degrees 35 20 50 Strength eﬂ:eCtS

Los Alamos National Laboratory 27




Parameters are automatically
identified to be correlated

‘Geothermal gradient |
Rock thermal conductivity

Rock volumetric specific heat capacity

Rock elastic modulus

Rock Poisson's ratio

Rock shear modulus

Minimum lateral pressure coefficient
Intermediate pressure coefficient

Fracture count set#1

Fracture count set#2

Fracture count set#3

Fracture roughness

Well spacing [
Well length

Well azimuth

Well dip

Borehole/Casing radius

Cohesion
Friction Angle

0.18
0.44
0.25
0.17
0.25
0.14
0.25
0.00
0.03
0.21
0.16
0.21

1.00
0.23
0.23
0.22
0.03
0.26
0.18
0.18
0.04
0.00
0.18
0.19

0.00
0.75
0.89
0.84
0.92
0.90
0.84
0.85
0.86
0.95
0.83
0.91

.57
0.97
0.87

1.00
0.08
0.00
0.00
0.30
0.23
0.98
0.89

N

EGS design interplays with reservoir
properties (elastic, heat capacity,
gradient, etc.)

Well spacing and well orientation are
both crucial attributes

LN

Well diameter is more important than
originally anticipated

As to be expected, rock temperature
has a crucial role

. a
[ [ )
D Signal
1.00 0.03
0.16 0.26 B
0.05 0.41 B
0.08 0.41 B
0.00 0.39 /
0.08 /012/ B
49:60/ 0.36
0.12 B
0.12 B
0.04 B
0.12 5|
0.05 B
0.05 035 4 _B—]
0.06 ‘aﬁ B
100 1.00 .I D
0.00 0.50 B
0.79 0.05
1.00
1.00 0.03
0.54 21
0.64 0.19
0.01 0.42 B
0.07 0.37 B
Well
dip

All three components of the stress
tensor are important
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GeoDT Model Outputs

Production enthalpy [kJ/kg] ~2,000 realizations
2000

1000

500

Production enthalpy [kJ/kg]

Time [years]

Los Alamos National Laboratory 29




GeoDT Model Outputs e

Produced electrical power ~2,000 realizations

Produced electrical power [kW]

Time [years]

Los Alamos National Laboratory 30




@Alamos
GeoDT: ML results (4 signals represent heat production}™*™

System+reservoir attributes Production entha|py

that can impede production Stress + other attributes that

can impede production

o
Z(ﬁ

©

c

D

7)) @ Signal A
8 0.5 @ Signal B
N ® Signal C
© Well spacing + other Well orientation + other Signal D
g attributes that can attributes that can

o improve production impede production

Z

0.0
0 5 10 15 20

Time [years]

Los Alamos National Laboratory 31




"ﬁ; lamos
GeoDT: ML results (2 signals represent power production)*

Produced electrical power

1.00
L2
o O0.75
g) Well orientation + other Well spacing + other
17 _attnl:jutes t:at :;_an attributes that can o Signal A
impede production - :
B 0,50 pede p improve production e Signal B
N . @ Signal C
T Signal D
= .
© 0.25 —
9 TN e — /__/7
Stress + other attributes that / System+reservoir attributes that
0.00 can slightly impede production can slightly improve production
0 5 10 15 20
Time [years]
Los Alamos National Laboratory 32



Output

Cumulative injection rate

Cumulative production rate

Boundary outflow rate

Boundary inflow rate

Production rate / Injection rate

Maximum induced earthquake magnitude
Pressure of injected fluid

Enthalpy of injected fluid

Number of fractures intercepting injectors
Number of fractures intercepting producers
Number of stimulated hydraulic fractures
Number of stimulated natural fracutres
Production mass flow rate

0.51
0.08
0.50
0.04
0.48
0.79
0.00
0.00
0.35
0.15
0.37
0.20
0.10

0.06
0.94
0.98
0.00
1.00
0.32
0.00
0.05
0.11
0.18
0.03
0.00
0.94

0.00
0.25
0.16
0.00
0.18
0.31
0.41
0.85
0.03
0.00
0.01
0.05
0.25

Signal

0.88
0.00
0.75
0.00
0.75
0.19
0.11
0.33
0.67
0.60
0.96
0.00
0.00

O

@ >» OO0 OO OO ® >»O®

Well
dip




Output

Cumulative injection rate
Cumulative production rate
Boundary outflow rate
Boundary inflow rate
Production rate / Injection rate

Maximum induced earthquake magnitude

Pressure of injected fluid

Enthalpy of injected fluid

Number of fractures intercepting injectors
Number of fractures intercepting producers
Number of stimulated hydraulic fractures
Number of stimulated natural fracutres
Production mass flow rate

Los Alamos National Laboratory

Well spacing is a
strong factor for
induced seismicity

Well orientation
strongly controls
interaction of natural
and stimulated
fractures

LJ |

D

0.51 0.06 0.00 0.88
0.08 0.94 0.25 .
0.50 0.98 . 0.75
0.04 0.00 0.00 0.00
0.48 1.00 018 Ul 075
0.79 32 0.31 0.19
0.00 0.00 0.41 0.11
0.00 0.05 0.85 0.33
0.35 0.11 0.03 0.67
0.15 0.18 0.00 0.60
0.37 0.03 0.01 0.96
0.20 0.00 0.05 0.00
0.10 0.94 0.25 :

Well

Stress is interlinked in
a complex way to
system performance

34



GeoDT: ML results (Outputs = Signals)

Output

Cumulative injection rate

Cumulative production rate

Boundary outflow rate

Boundary inflow rate

Production rate / Injection rate

Maximum induced earthquake magnitude
Pressure of injected fluid

Enthalpy of injected fluid

Number of fractures intercepting injectors
Number of fractures intercepting producers
Number of stimulated hydraulic fractures
Number of stimulated natural fracutres
Production mass flow rate

0.51
0.08
0.50
0.04
0.48

0.79

Los Alamos National Laboratory

0.00
0.00
0.35
0.15
0.37
0.20
0.10

0.06
0.94
0.98
0.00
1.00
0.00
0.05
0.11
0.18
0.03

0.00
0.94

System+reservoir properties
are strongly linked to leakoff
risk

D Signal
0.00 0.88 D |
0.25 000 | B |
016 |l e75 | B
: 0.00 A
0.18 0.75 B
03T 0.19 C
0.41 0.11 C
0.85 0.33 c
0.03 0.67 D
0.00 0.60 D1
0.01 0.96 D
0.05 0.00 A
0.25 B

Well

dip

Well spacing is a strong factor
for induced seismicity

Well orientation strongly
controls interaction of natural
and stimulated fractures

Stress is interlinked in a
complex way to system
performance

35



ML analyses of GeoDT simulations: e

e ML “separates” the impacts of different physical processes in the
GeoDT model outputs (predicted heat, power production, etc.)

e Identifies interrelationship between
GeoDT model outputs and GeoDT model inputs

e Well spacing and well orientation are identified to be critical
parameters impacting energy production and induced seismicity

Los Alamos National Laboratory 36



e Great Basin includes multiple
geothermal reservoirs

* Great Basin has huge geothermal
potential

» Better understanding of local/regional
spatial patterns in various
geothermal-related attributes observed
throughout the Great Basin region is
needed

* > 14,000 locations at which
geothermal-related data are available
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compared to other geothermal-related
attributes

| » Geochemistry can be applied to infer

geothermal conditions (e.g., reservoir
temperatures, conditions, reservoir
boundaries, and heat source type)

E Geochemistry also captures water / rock

interactions and water mixing
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Great Basin: Data Attributes

Attribute Missing (%) 18 data
Groundwater temperature (°C) 2.6 attl'i b uteS

Quartz geothermometer (°C) 39.1

Chalcedony geothermometer (°C) 39.1 14 341

pH 350 ? -

TDS (total dissolved solids) (PPM) 87.8 locations

AR* (PPM) 90.5 Data aaps

B* (PPM) 61.7 gap

Ba2* (PPM) 82.4

st (P 88 5 ML analyses
Br (PPM) 86.4 are fast

Ca?* (PPM) 33.6 ]

oI (PPM) 29.2 Will be redone
HCO," (PPM) 76.1 to process

K" (PPM) 40.8 updated/extra
Li* (PPM) 80.3 dat t

Mg2* (PPM) 34.8 atasets

Na* (PPM) 38.2 (Phase 2)

380 (%) 89.7
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Great Basin: Geothermal Signatures e

Signature B: High T
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Great Basin: Geothermal Signatures e

Signature B: High T

A —
¢ R Signature B
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Comparison between PFA andGeoThermaICIoud

PFA and Slgnature B

High-prospective areas estimated using PFA
(Faulds et al. 2017)

The "Fairway" Known Geothermal Systems Fairway 0 125 25 50 Miles
Geothermal systems >130°C (white), >190°C (dark gray) Temperature C (fairway_15)
Cities ® 191 - 283 (benchmarks) Value 9 X SokJormyiere:
X ~ 131-190 (benchmarks) High : 64.8836 Map generated by the
——— Highways 81-130 1 Nevada Bureau oanesamG ology
Augus
[Jswdyarea [ Promising Areas (umbere) = 37-80 Low : 28.0866 Supporied by DOE geand DE.ECINUETH

Source: https://gbcge.org/recent-projects/nevada-play-fairway-phase-2/




Comparison between PFA aGeoThermICIoud .

(Faulds et al. 2017)

High-prospective areas estimated using PFA

T T z T
P 100w 2 .w/(.q, 7 o N\ oW

&

‘Diomond Vafley

-~
>y

[ studyarea [ promising Areas (umbered) - 37-80

o Los Alamos

NATIONAL LAEORATORY

L NnrIoW e oo . goow 4
i i 1
The "Fairway" Known Geothermal Systems Fairway 0 125 25 50 Miles
Geothermal systems >130°C (white), >190°C (dark gray) Temperature C (fairway_15) I L A
= Cities ®  191-283 (benchmarks) Value 0 15 3 60 Kiometers
X 131 - 190 (benchmarks) High : 64.8836 Map generated by the
Highways . 81-130 1 Nevada Bureau owm o and Geology
Low : 28.0866 Supported by DOE granl DE-EE0006731

Source: https://gbcge.org/recent-projects/nevada-play-fairway-phase-2/




Great Basin: Signature Selection

1.0
0.5 : Eiébustness
® R2
0.0 .
2 4 6 8 10

Number of signals
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Great Basin: Signature Selection

Number of Signals =2 R2 = 0.79119223 Number of Signals =3 R2 = 0.86585236
1.0 1.0
(0] ()
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© ©
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L
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Great Basin: Signature Selection

Number of Signals = 5 R2 = 0.93307346

Number of Signals =2 R2 = 0.79119223 Number of Signals =3 R2 = 0.86585236 Number of Signals =4 R2 = 0.904348

Number of Signals =7 R2 = 0.9634281
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Great Basin Geothermal Predictions e

ML output

Data input

”‘{éﬁg i

Temperature

Temperature
j

55.1368413 55.1368413

F

30.5397613 oy

30.5397613

%
5.9426813 . / 5.9426813 |
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Great Basin Geothermal Predictions e

Data input

Chalcedony

Chalcedony i

MK

Al
BN
ARt

b Wil
AL RS R ¢
53.707850 53.707850
‘V:‘ “‘C‘
18.428267 [ 18.428267 [r.i:
-16.851316 -16.851316
”‘———‘E“W—-'l —‘—‘K‘"—’T'l




s Alamos

ATIONAL LABORATORY

Great Basin Geothermal Predictions

ML output

Data input

T

P

67.242587051 67.242587051

33.632609051 33.632609051

el

0.022631051
NI

0.022631051
T Wi
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Great Basin Geothermal Predictions

Data input delo18 ML output

SRTEIWT AT  A
il it ;,-‘}

1

i
e
L\ A I

-12.5591486

-12.5591486

-15.4397693 -15.4397693

-18.3203900
TR Y

l -18.3203900

by
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Great Basin Geothermal Predictions e

ML output Temperature

0.002992949852342445

55.1368413

¥
I

30.5397613  fru:

| 0.001496820268384554

¥
|

5.9426813 | ‘ ! 0.000000690684426663
ey W e ¥ 3 N T A z % R W A
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Great Basin Geothermal Predictions

ML output

Chalcedony

53.707850

18.428267

-16.851316
T i
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Great Basin Geothermal Predictions e

ML output

0.064177328681694

33.632609051 | . W / ‘ 0.032223398835903

0.022631051 | N ’ 3 A i b ’ == 0.000269468990111
" 3 \ i 4 )
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Great Basin Geothermal Predictions e

ML output delo18

LR i ] | 3y £ AT ¢ )
delO18 F’%@@f TN g Y AT delO18

WA

5

-12.5591486 ‘ v 0.029745994500727

-15.4397693 | ; ' 2 ‘ 0.014993560514258
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3 signatures

2 signatures
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Quartz
pH
TDS
ARt
B*
Ba2+
Br
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Cl
HCO,
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Li*
Mg?*
Na*
5018

Chalcedony
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Great Basin: ML extracted Geothermal Signatures

Low-temperature resource
o TDS, Br, B, 8018

High-temperature resource
o Quartz and Chalcedony
geothermometers, pH, Al, Be

Medium-temperature resource
o Mg, Ca




Great Basin: Geothermal Signatures

e A
e B
e C

(low-temp)
(hot-temp)
(mid-temp)

Our ML analyses also estimate the
spatial distribution of hidden
geothermal signatures

A: Low-temperature resource
o TDS, B, Br, 5018

B: High-temperature resource
o Al, Be, Quartz and Chalcedony
geothermometers

Medium-temperature resource
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Great Basin: Geothermal Signatures

Our ML analyses also estimate the
spatial distribution of hidden
geothermal signatures

e A: Low-temperature resource
o TDS, B, Br, 5018

e B: High-temperature resource
o Al, Be, Quartz and Chalcedony
geothermometers

A (low-temp)
B (hot-temp)
C (mid-temp

° Medium-temperature resource

L
®
©
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Great Basin ML predictive uncertainties

e Developed ML model is also applied to predict based on all other
attributes
e Artificial noise (mimicking measurement errors) at different levels is added
e Accuracy of the blind predictions are evaluated (r?)
Training Noise level [%]
percent 100% 50% 20% 10%
90% 0.675 0.939 0.976
80% 0.616 0.769 0.919 0.951
50% 0.574 0.749 0.917
20% 0.565 0.714
10% 0.441 0.623 0.755
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TOTW
Well Status (<750 m) % Brady geothermal power — — Fault - approximately
station located (bar and ball on

Injection -
) Brady fault zone down-thrown block)

; - Fault - concealed (bar and fault factors
Production — Fault - certain (bar and ball on down-thrown
Non-productive ball on down-thrown block)
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.
S
L
£
s
=

Q
]
<
Q
2
3
Y

0,4 faultintdense
contactnear l
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temperature contours

udy area: 47 wells / 14 attributes  Data attributes along one of the wells
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Brady site
Nevada

Unit thickness
8)

Faulting.

Fa.u It density Inverse distance

Production wells from.faults

Extracted hidden
geothermal signatures
B & A separate
production and

Dilation
()

Fault intersection
® density
Normal stress
)

® Coulomb shear

. . m stress
injection wells o
= Fault dilation
= @ tendency
2
2 Faultcurvature
Dry wells ®
y ® Good @ _
® @ lithology@ Fault slip tendency

. Modeled temperature
@

Injection wells

mse o o

®
0.0

(Paper submitted in .
collaboration with USGS) Signature A

Los Alamos National Laboratory




Brady site, Nevada [eirwisis

Signature A: injection wells =
Signature B: production wells

Signatures C and D: dry wells

0.5 MILES

¢ Well Status (<750 m)
Faull - o 1 {Lar and ~ * Injection
ball on down-thrown block) *  Production

Los Alamos National Laboratory Brady fault zone Non-productive




Brady site, Nevada

Faults

Fault
network

Stress & Strain

Stratigraphy

Temperature

Los Alamos National Laboratory

Faulting
Fault curvature

pras

« Los Alamos

AAAAAAAAAAAAAAAA

Analyzed dataset is

a 3D tensor:

47 wells
14 attributes
750 vertical depths (1 m)

4 geothermal signatures
extracted

A: Stresses, Inverse
distance from faults

B: Stratigraphy unit
thickness, Faulting,
Dilation

C: Fault density, fault
intersection density

D: Good lithology o



Brady site: State of Stress Impacts

Increasing step-over length relative to step-over width
o e B aspect/ratioz TS D ww / Coulomb shear

aspect ratio 1:1 aspect ratio 3:1 aspect ratio 4:1 ) .
- traction estimated at
1000 m depth

Dark colors represent
high Coulomb shear

SRR ' _ . . traction on optimally

— —
543210-1-2-34-5 .
N euombshear racion e INCreasing step-over width relative to step-over length oriented normal faults
E 19°1'W F 1M9°1'W G 19°1'W H 1M9°1'W as a reSUIt Of snp

aspect ratio 1:1 aspect ratio 1:2 aspect ratio 1; aspect rati

Aspect ratio of 2:1
most probably
characterizes the
state of stress at the
Brady case

Los Alamos National Laboratory



Brady site: State of Stress Impacts et

e Stress ratios at the site are unknown

e A series of stress ratios are modeled and after
that analyzed using our ML methods

e Based on reconstruction errors and attribute
categorizations, the ML blindly identified the
2:1 stress ratio as the most probable to
represent site conditions

e In fact, this is the most probable stress ratio at
the site (2:1) based on previous studies

Relative Improvement in Reconstruction Error

Los Alamos National Laboratory



1 : : :
F‘ F ' ' e Stress ratios at the site are unknown

e A series of stress ratios are modeled and after that
analyzed using our ML methods

e Based on reconstruction errors and attribute
categorizations, the ML blindly identified the 2:1
stress ratio as the most probable to represent site
conditions

e In fact, this is the most probable stress ratio at the
site (2:1) based on previous studies

Relative Improvement in Reconstruction Error

Los Alamos Nationai' Caboratory



Utah Forge

Utah Fo

Los Alamos National Laboratory

ge Site

"y
/ S
i

(Will present @ GRC

, 2021)

A

« Los Alamos

AAAAAAAAAAAAAAAAAA

Data from 102 locations

22 attributes including satellite
(InSAR), geophysical (gravity,
seismic), geochemical, and
geothermal attributes

4 hidden geothermal signatures
extracted

Two of the signatures (A and B) are
related to favorable geothermal
conditions

68



Utah Forge

Los Alamos National Laboratory

A

« Los Alamos
NATIONAL LABORATORY

Four hidden geothermal
signatures are extracted

Signatures © and are
related to favorable
geothermal conditions

However, Signatures * and
are very different

Signature " key attributes
are gravity, seismic, and
specific geochemical
species

Signature  is NOT
detected by BHT, gradient,
head flow, and shallow
temperature data

69



Utah Forge: Prospectivity maps

Signature A ; : L # ' Signature B

¥ . g 5 . 3




Utah Forge: Prospectivity maps

e In Phase 3 of the FORGE project,
an additional well will be drilled

Signature A |/

e Areas with high-prospectivity of
Signatures A and B should be
prefered for drilling

o

Signature B |/
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Utah Forge: Heat flux (mW/m?) maps

Data input
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SWNM geothermal exploration
Southwest NM

(Stanford & GRC, 2020) - Santa Fe

1

Colorado Plateau Albuquerque
High Plains
Santa Fe
*

Albuquerque - Sl
*

e

Socorro New Mexico Volcanic Field
*

0. Rio Grande rift
*
Alamogordo

Study area
Alamogordo o

Las Cruces

Las Cruces
*

—

New Mexico

100
[ Kilometers

Los Alamos National Laboratory



SWNM datase ek ames

Location ike i i n i ru B
Alamos Spring . 0.431 i . 4 7 ] 3 38.7 1439
X — 44 X 1 8 Allen Springs 3.625 X % 325
Apache Tejo Warm Springswell| -1.8 -181.2 15.0 3.807 173 0.001 | 0.03 0.001 0.7 0.003 | 0.000 -86 3263 52.0 4.7 4.6 30.7 24
+ . Aragon Springs 1570 2201 3177 0010 190 [10/000° 0.0 0000 411 0005 0003 -7.5 387.0 565 40 45 388 1486
B concentration Ash Spring 27 -1932 666 4914 170  0.000 000 0002 93 0003 0000 -50 4920 293 41 44 322 | -92
o+ . B. lorio 1 well 21 -1965 -48.2 1936 188 0057 21.02 0000 9.1 0003 0003 | =26 2604 594 | 09 40 309 | -188
Ll concentration Cliff Warm Spring 25 -199.1 -47.1 1.290 | 22.8 0001 258 0002 11.0 0.002 0001 -69 3642 642 18 42 331 | -191
. . Dent windmill well 21 [%2308  89.3 0000 13.4 [0.000 000" 0.000 |00 0005 [0000] -73 3417 | 197 24 47 435 865
Dl/‘a mna g e d ensi ly Derry Warm Springs -15 -161.6 197.0 0.659 183 0.007 9.6 0.000 159 0.002 0.000 -7.5 2761 374 3.0 46 300 -120
. . Faywood Hot Springs 2.6 -1721 -498 0939 166 0002 281 | 0.000 1.9 | 0003 |0000 -48 3464 672 42 | 55 300 619
S prings densi ly Federal H 1 well 0.4 [11320 350 [00000 58 0004 2031 0001 7.2 [0000 0015 -50 2538 787 27 49 | 273 2906
Freiborn Canyon Spring 2.5 |-2250 -242.0 0401 13.1 0000 000 0001 19.8 0001 0.004 | -12.6 5386 498 | 130 46 384 1138
Hydrau lic gradi ent Garton well 32 -1968 356 0450 180 0000 000 0000 289 0002 0001 -50 4899 700 43 | 39 309 [ =266
Gila Hot Springs 1 -1.9 [-2216 -1493 0127 242 0000 000 0001 255 0003 0003 -7.8 4226 69.9 66 44 340 413
7 ; Gila Hot Springs 2 1.8 | -2229 -1388 0112 247 0000 000 0001 237 0003 0003 -67 4259 70.8 32 46 339 519
Pr ecipl tation Goat Camp Spring 21 -1592 -297 0751 100 0.001 222 0007 106 0002 0001 -80 3440 689 58 44 324 | 19
. Jerry well 0.8 2196 1724 0411 155 | 0000 000 0000 63 0004 0005 -7.9 | 2439 134 10 44 | 423 1190
Gravi ly anomaly KennecottWarm Springswell | -2.4 -1783 -69.9 1422 17.8 0002 1.76 0000 11 0003 |0.000] -69 3550 661 43 50 300 409
.. . Laguna Pueblo 04 -2042 625 0406 86 0004 458 0006 14.6 | 0018 0005 -33 2597 429 26 44 372 1506
M agne tic intensi ly Lightning Dock -1.0 -168.0 -168.1 0086 46 0008 840 0002 43 0000 0000 -39 2915 1073 08 50 298 1800
. . Los Alturas Estates 1.5 [-1414 -1275 0004 7.6 0003 | 005 0002 6.6 0001 | 0.000 -127 2653 719 22 | 63 274 4321
Seismici ly Mangas Springs 2.6 -201.0 -227.1 3.503 20.2 00000 091 0002 11.5 0002 0000 -45 3935 536 | 03 42 324 | -178
. Mimbres Hot Springs 23 -2006 434 0670 154 0002 113 0000 190 0004 0000 -3.8 4459 683 91 49 310 50
Si l Ica ge ol he rmometer Ojitos Springs 16 -2021 -7.5 1342 19.6 0044 19.74 0037 31.0 10020] 0.005 -45 2575 576 7.2 A5 33.0 | -255
Ojo Caliente 2.6 [-2265 -168.4 /00000 205 0000 000 0000 83 0004 0000 -29 333.6 484 35 55 338 2415
Heat ﬂ ow 0jo De las Canas 1.7 -1885 -85.8 0.839 223 0036 12.55 | 0.036 280 0013 0003 -60 2705 |442| 40 45 318 101
Pueblo windmill well -1.2 [228.8 13159 0029 152 | 0000 000 0000 6.1 0004 0003 | -120 2658 183 29 43 | 425 1027
Crustal thickness Radium Hot Springs 0.8 -1514 -7.8 |0010 88 0013 1140 0003 10.6 0.001 00001 -53 2642 636 |03 54 282 1191
Rainbow Spring -1.7 |-227.1 -48.5 0000 11.0 |0.000° 0.00 0001 100" 0.006 0000 -7.0 3078 | 2.7 33 47 | 439 755
Riverside Store well 413 -196.1 -102.9 1.562 226 0.000 250 0002 11.7 0002 0001 2240 3561 60.8 | 09 @ 43 329 | -165
Dep th to the basement Sacred Spring -1.8 [2284 -80.4 [00000 109 0000 0.00 0.001 00" 0.006 00000 -7.0 2984 | 212 13 46 4380 742
: . : Socorro Canyon 1.8 2047 -1365 1.203 211 0051 28838 0034 33.8 10020 0005 -67 2841 446 111 50 326 | -229
Fault intersection densi Zy Spring 44 -183.5 (3345 0218 201 0011 181 | 0000 201 0001 0006 -68 3619 [1172 | 51 | 38 315  -104
. Spring Canyon Warm Spring | -2.1 -1942 117.3 2293 219 0000 150 0002 127 0002 0000 -83 3617 516 58 42 326  -57
Quat ernary f ault dens lly Truth or Consequencesspring | -1.1 -168.2 -54.3 2175 184 | 0064 20.51 0.000 103 0003 0002 -3.3 2659 553 | 06 43 310 304
S It d . Turkey Creek Spring 32 -1964 548 0984 192 0001 3.69 0002 281 0002 0002 -3.7 4934 813 58 44 336 56
tate map f ault densi Zy Victoria Land and Cattle Co. well -1.8 -165.9 -65.4 0.478 =64 0003 | 0,06 0001 | 0.9 0001 0000 -29 2530 430 19 41 307 2014
. . . Warm Springs 21 -1933 1135 0220 19.0 0029 263 | 0.000 165 0004 0003 | =25 3146 560 54 43 327 1252
VOZ canic d lke d ens lly Well 1 -1.4 [%2307] -31.3 1190 157 [ 0000 075 0001 221 0004 0002 -66 3454 49.0 17 44 400 1961
. . Well 2 1.2 -1625 0.8 [00000 45 0008 2424 0003 11.8 |0.000 0006 -101 2795 705 17 48 | 27.8 2993
VOZ canic Ve}’lt d ens lly Well 3 -25 |-140.0 31.7 0839 21 0001 211 0.001 50 0.001 0.000 -73 369.0 510 4.1 43 280 3073
Well 4 1.3 -1617 -56.1 [0000° 3.4 0008 28497 0.003 10.6 | 0.000 0.006 -100 2743 940 19 47 | 27.7 3373
Well 5 1.9 -167.2 -29.9 | 0000 25 0008 1548 0002 | 3.4 0000 0005 -68 | 2438 470 | 03 40 274 5460
Los Alamos National Laboratory MRElaCa e
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SWNM geothermal signatures

w

B H H Bl BN [ |
Li". . "

Drainage density

Springs density

I

Hydraulic gradient
Precipitation
Gravity anomaly
Magnetic intensity
Seismicity

Silica geothermometer

Heat flow .
Crustal thickness X — W x H

Depth to the basement
Fault intersection density

Quaternary fault density

State map fault density W: attri b Ute m atrix

Volcanic dike density

Volcanic vent density .

S—— H: location matrix

Los Alamos National Laboratory
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A

SWNM physmgraphlc provinces Er

Physiographic associations:
Signature A: Southern volcanic field

Signature B: Rio Grande Rift

Volcarnic Field

()
N\ g0 Caelin Signature C: Colorado Plateau

Signature D: Central Rio Grande Rift

- = - i i
Signatures | New Mexico Slgnature E: Northern VO|Can|C fleld

®AO®D
B E Study
area
®C

Los Alamos National Laboratory 76




SWNM signature interpretation signature c:

Drainage density

Springs density

Hydraulic gradient

Precipitation
Gravity anomaly
Magnetic intensity
Seismicity

Silica geothermometer

Crustal thickness
Depth to the basement

Fault intersection density

Quaternary fault density
State map fault density

Volcanic dike density

Volcanic vent density .

Signature A:

Drainiage derisity
MagnefiC intensity
Volcanic dike density

"1-‘ ) ‘f\ P T
(it Giomaly

Signature b

Depth to the basement
Silica geothermometer

B" and Li" concentrations
Magnetic intensity
Quaternary fault density
Heat flow

A

Magnetic intensity
BT and Li" concentrations
Drainage density

Signature D:

State map fault density
Spring density
Hydraulic gradient
Drainage density

Signature E:

Hydraulic gradient
State map fault density

Drainage density

Silica geothermometer

77



SWNM signature interpretation sig.aurc: e

B+

-

Drainage density
Springs density
Hydraulic gradient
Precipitation
Gravity anomaly
Magnetic intensity
Seismicity

Silica geothermometer

Heat flow .

Crustal thickness
Depth to the basement
Fault intersection density

Quaternary fault density
State map fault density

Volcanic dike density

Volcanic vent density .
A

Signature A:
Shallow heat flow

Drainage density
Magnetic intensity
Volcanic dike density
Gravity anomaly

Signature B:
Deep heat flow

Depth to the basement
Silica geothermometer
B" and Li" concentrations
Magnetic intensity
Quaternary fault density
Heat flow

Thick crust

Magnetic intensity
BT and Li* concentrations

Signature D:
Tectonics

State map fault density
Spring density

Signature E:
Vertical hydraulics

Hydraulic gradient
State map fault density

I£:



A

SWNM geothermal signatures fiamer

*

iocorro
©

Volcanic Field

[
' Rio Grande|rift

Basin and Range

Signatures | New Mexico

®AO®D
area
" iometers ®C

Los Alamos National Laboratory

Signature A:Southern volcanic field
Shallow heat flow

Signature B:Rio Grande Rift
Deep heat flow

Signature C:Colorado Plateau
Thick crust

Signature D:Central Rio Grande Rift
Tectonics

Signature E: Northern volcanic field
Vertical hydraulics

79



can explain the dataset
e 5 signatures are optimal

e 2,3, and 4 signatures are
undefitting

NewMexico (| | | ~  |Signatures| NewMexico ||| } | |, | NewMexico

e 8 signatures are overfitting

e Nevertheless, results for 2, 3,
4, 5, and 8 signatures provide
data categorization consistent
with regional physiographic
provinces

eeeeeee

ignatures | New Mexico
| Study
area
100 |
[——xomen E®°c

Los Alamos National Laboratory
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Conclusions: Aok Aamos

GeoThermalCloud is developed for ML analyses of geothermal
datasets

Our novel open-source ML methods have successfully extracted
hidden geothermal signatures

We were able to provide physical explanation of these signatures
ML was applied to label datasets related to the geothermal signatures

GeoThermalCloud capabilities were demonstrated on 9 field and 2
synthetic datasets

Los Alamos National Laboratory 81



Conclusions: Aok Aamos

e Great Basin: Low-, medium-, high-temperature hydrothermal systems,
their dominant characterization attributes, and their spatial
distribution identified using geochemistry data

e Brady site: Successfully defined relations between well types
(production, injection, non-production) and attributes characterizing
site conditions (faulting, geology, state of stress)

e Utah FORGE: Analyzed site prospectivity and proposed drilling
location for future geothermal field exploration

e SWNM: Identified low- and medium-temperature hydrothermal
systems, found dominant attributes and spatial distribution for each
hydrothermal system; demonstrated blind predictions of provinces

Los Alamos National Laboratory 82



Conclusions: Aok Aamos

e Tularosa Basin: Identified low-, medium-, and high-temperature
hydrothermal systems, found dominant attributes and spatial
distribution for each hydrothermal system

e Hawaii: Analyzed four islands data separately and identified low-,
medium-, and high-temperature hydrothermal systems

e Tohatchi Springs: Identified low- and medium-temperature
hydrothermal systems, found dominant attributes and spatial
distribution for each hydrothermal system

e West Texas: Subdivided the region into three areas; the western
portion has higher geothermal potential at a lower depth than the
middle and eastern portions

Los Alamos National Laboratory 83



Conclusions: e ames

e EGSCollab: Field experiment data processed to extract dominant
temporal patterns observed in 49 data streams; erroneous
measurement attributes and periods automatically identified;
interrelated data streams automatically identified

Los Alamos National Laboratory 84



Conclusions: Aok Aamos

e GeoDT multiphysics code is developed to rapidly predict the
performance of geothermal systems

e GeoDT predicts the impact of attainable site data on geothermal
performance

e GeoThermalCloud “separates” the impacts of different physical
processes in the GeoDT model outputs

o GeoDT+GeoThermalCloud capabilities demonstrated on a synthetic
dataset

e Well spacing and well orientation are identified to be critical
parameters impacting energy production and induced seismicity

Los Alamos National Laboratory 85



GeoThermalCloud:

Extra slides summarizing more geothermal studies

Synthetic SWNM ML analyses
Tularosa Basin

Tohatchi hot springs

West Texas

Hawaii Islands
EGS Collab

Los Alamos National Laboratory



Synthetic ML analyses: SWNM site

log ;o k(x) : m? qn(x) : Wm™2
s 002 =s | A 3D thermo-hydrologic-chemical model was buil

Variable model inputs:
¢ri,0(x) : mol/L ¢po(x) : mol/L and
Outputs: Temperature, Li and B concentrations

10.00 10.00
8.57 8.57
7.14 7.14
5.71 5.71
429 429
2.86 2.86
1.43 1.43
0.00 0.00
Inputs
T (% tig) s 2C cri(x,t10) : mol/L cp(x,t0) : mol/L P(x,t10) : MPa
209.5 6.58 6.58 6.999
183.6 5.64 5.64 6.143
157.8 4.70 4.70 5.287
132.0 3.76 3.76 4.430
106.1 2.82 2.82 3.574
80.3 1.88 1.88 2.718
54,4 0.94 0.94 1.861
28.6 0.00 0.00 1.005

Outputs

Los Alamos National Laboratory



Synthetic ML analyses: Results

22724

198.80

170.36

141.92

<>

172

322

‘ 1.61

y—y O i‘: 4 0.00
\;:\* -1.61

B 3.22

Los Alamos National Laboratory

¢ri(x) : mol/L

0.00

0.12

0.06

0.00

-0.06

-0.12

cp(x) : mol/L

N

i

747

6.15

4.10

3.07

0.00

0.08

0.04

0.00

-0.04

-0.08

P(x) : MPa

1.00

0.31

0.16

0.00

-0.16

-0.31

2,000 simulations
1,600 pairs for training
400 pairs for testing

3D Convolutional
encoder-decoder NN was
built using (3,6,3) dense
blocks

NN trained for 200
epoches

L, norm loss function is
used for gradient descent
optimization

88



Tularosa Basin: Results

Hidden signals

Temperature 2m C
Temperature 250m A
Heatflow C

K-Mg geothermometer B
NaK-Giggenbach geothermometer C
NaK-Fourneir geothermometer C
Silica geothermometer A

Gravity A

Fault distance D

Fault density C N

Vesselinov, et al.

106°40'W
1 1

106°36'W
1 1

Spatial distribution of signatures

106°32'W 106°28'W 106°23'W
1 1 1 1 1

Organ

Mountain

San Augustin

Mountain \

o (6] o
32°18'N 32°20'N 32°22'N 32°23'N 32°26'N 32°28'N 32°30'N 32°32'N 32°34'N
1 1 1 1 1 1 1 1

New Mexico

NASA Site

Signatures
A

*B

eC

oD

—Faults

Clustered points represent data locations

Tularosa basin (South New
Mexico) has favorable
geological structures for
geothermal exploration

We investigate a total of 21
attributes collected for PFA
[https://gdr.openei.org/submissions/928]
Signature defines the
hidden potential geothermal
resources

Signature key attributes are
heat flow, SiOz, silica
geothermometer and fault
density

8/12/20 | 89



m = /ﬁ)
Tohatchi hot spring area, NM

Hidden signals Spatial distribution of signatures

Temp(°C)

* Tohatchi hot springs in NM
are favorable for hot dry rock
geothermal exploration

pHB
Flow Rate D
FeC
Mn A

CaC

 We investigated 19 attributes
observed at 41 wells

Mg A
Na A

KA

« Signature - defines the
hidden potential geothermal
resources

» Signature  key attributes are
pH, Li* HCO,', F*,
Quartz-water-vapor
geothermometer and Na-K-Ca

geothermometer

Quartz-Water-Vapor(°C) B

Na-K-Ca(°C)

—-109°30' -109°00' —-108°30' —-108°00' -107°30'
Los Alamos National Laboratory (supported by NM SBA, LANL) 90




Spatial distribution of signatures

Islands

Temperature B
Spc. Conc. A
pHB

PO4C

Silicate B

NO3 D Signatures o channel
,\\\\\

5180-H20 B s
52H-H20 B
FIC ‘Durroﬂ Seampunt

CIA

Na A
Indianapolis Seamount J
KA Kaua'i
O’ahu jgggar Seamount

3
Lana'i -
Maui

Hawai'i aLoihi Seamodnt

T ST OTT

4 o C
MrcCall Seamount

A

H id d e n s i g n atu res 120 3 Seagv;siré; Layer Credits: Sourées: Esri, GEBCO, ‘Day S

Kilometers NOAA, National Geographic, Garmin, HERE, JApliiipuu Seamount

Los Alamos National Laboratory



Hawaii Islands

Temperature B
Spc. Conc. A
pHB

PO4C

Silicate B

NO3 D

5180-H20 B

52H-H20 B

Hidden signatures

Los Alamos National Laboratory

Signatures
NMFk clusters

030 60 120 | i
Kilometers | NOAA, National G

Spatial distribution of signatures

AAAAAAAAAAAAAAAAAA

Four geothermal
signatures characterize
Hawaii islands

Signatures B and D
relate with
groundwater
temperature

Their dominant
attributes are:

92



West Texas

- "‘zf . % 2 ‘ .o‘
Area with only ' | Area With bothgeothermal and
geothermal sparse’geochemistry

attributes | attributes

Latitude

w
o
[

<5}
el
=3
=
=
@
—

Thermal conductivity

-104 —-103 —-102 —-101 —-100
Longitude

Los Alamos National Laboratory

AAAAAAAAAAAAAAAA

Bottomhole temperature to
depth ratio is higher in the
western vs eastern areas

Thermal conductivity is
marginally higher in the west
portion

Temperature to depth ratio and
Thermal conductivity
demonstrate that western area
has potential geothermal
systems at a lower depth than
the middle and eastern areas

In Phase I, we will divide the
dataset and perform transfer
learning
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EGS Collab: Field experimental data

e Hourly field data collected during field experiments are analyzed
e Measurement interrelation are hard to understand (49 attributes processed)
e Some measurements are erroneous due to equipment failures

Normalized attributes

Sanford Underground
Research Facility

1x103 2x103 3x103
Time [hours]

Quizix Pressure

Quizix Injection Flow Rate

Quizix Cumulative Volume Pumped

Triplex Injection Flow Rate

Triplex Inlet Flow

Injection Flow HP Turbine-Low Flow Temp Corrected
Injection Flow Turbine HF Corrected

Triplex RPM

Triplex RPM Calc Flow

Injection Alicat Air Pressure

Stellar Injection Interval Pressure

Azbil Injection Interval Pressure

Stellar Production Interval Pressure

Stellar Production Interval Pressure

Azbil Production Interval Pressure
Production Alicat Air Pressure

Production Upper Packer Element Pressure
Production Lower Packer Element Pressure
Injection Bottomhole Pressure

Haskel Injection Well Packer Pressure

Los Alamos National Laboratory



i 1 "ﬁ;Alamos
EGS Collab: Field experimental data

Normalized attributes

Los Alamos National Laboratory

2x108
Time [hours]

3x103

Quizix Pressure

Quizix Injection Flow Rate

Quizix Cumulative Volume Pumped

Triplex Injection Flow Rate

Triplex Inlet Flow

Injection Flow HP Turbine-Low Flow Temp Corrected
Injection Flow Turbine HF Corrected

Triplex RPM

® Triplex RPM Calc Flow

Injection Alicat Air Pressure

Stellar Injection Interval Pressure

Azbil Injection Interval Pressure

Stellar Production Interval Pressure

Stellar Production Interval Pressure

Azbil Production Interval Pressure
Production Alicat Air Pressure

Production Upper Packer Element Pressure
Production Lower Packer Element Pressure
Injection Bottomhole Pressure

Haskel Injection Well Packer Pressure




. . P,
EGS Collab: Field experimental data

Haskel Production Well Packer Pressure
Injection Interval Temperature
Production Interval Temperature
Production Bottomhole Temperature
Above Injection Pressure

Above Production Pressure

Recirc Inlet Thermistor Resistance
Recirc Outlet Thermistor Resistance
Recirc Flow rate

Recirc Pressure

Water Tank Pressure/level

Water Tank Outlet Temperature
Production Interval Flow

Production Interval Electrical Conductivity
Production Interval Outlet Temperature
Zone?2 Injection Alicat Air Pressure
Injection Packer Control Press

Injection Packer Control Volume

Injection Bottomhole Control Press
Production Packer Control Volume

Normalized attributes

1x103 2x103 3x103
Time [hours]

Los Alamos National Laboratory



EGS Collab: ML results

e 5 signatures “represent” the field experiment

' W
U ‘l lM,;
]

: injection flow

: injection pump rate

: production
temperature/pressure

ow>

E: production flow rate

Normalized signatures
o
(6)]

]
i

s A u -
1x103 2x103 3x103

0.0

Time [hours]
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Quizix Cumulative Volume Pumped A

n Azbil Differential Pressure between I&P A fﬁ; Alamos
o a I e s u S Injection Bottomhole Pressure A NATIONAL LABORATORY
] Zone2 Injection Alicat Air Pressure A

Injection Bottomhole Control Press A
Triplex Injection Flow Rate B

Triplex Inlet Flow B
Triplex RPM B

= = Triplex RPM Calc Flow B

e Each signature is related iecton Alcat A Pressurs &
Production Alicat Air Pressure C

= = Above Production Pressure C

to a series of measurement attributes Reco e Thermistor Ressiance G
Recirc Outlet Thermistor Resistance C
Recirc Flow rate C

Recirc Pressure C

- -
Production Int | Flow C
e Importance (weights) of attributes odicionrnvel i &
Quizix Injection Flow Rate D
are evaluated O fcton Fiow utin 1 oo
Stellar Injection Interval Pressure D

Azbil Injection Interval Pressure D
Stellar Production Interval Pressure D i}

. I nte rre I ated m eas u re m e nt Haskel Injgctign Well Packer Pressure D

L] = = gm Production Interval Temperature D
attrl b utes a re I d e ntlfl ed Production Bottomhole Temperature D
Above Injection Pressure D
- - - - Water Tank Pressure/level D
(i.e., representing similar processes) WaorTan Oute Tomporaro 0 [

H Production Interval Electrical Conductivity D

Production Interval Outlet Temperature D NS

Injection Packer Control Press D [N [l

e Erroneous measurement attributes e o o I

Production Bottomhole Control Press D
- ~£: (11 - Air Compressor Pressure D
are Identlfled (e.g., PrOductlon Production Bottomhole Pressure D
OT Flow D
LL) PST Collar Flow D

Interval Temperature”) 758 Golar Fow [
PDT Collar Flow D
Azbil Production Interval Pressure E
Production Upper Packer Element Pressure E
Production Lower Packer Element Pressure E
Haskel Production Well Packer Pressure E
Packer-Interval Differential Pressures Top Production E
Packer-Interval Differential Pressures Bottom Production E

Los Alamos National Laboratory ABCDE
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EGS Collab: Interrelated measurements =

Signatures / Measurement attributes Weights

Signature A

Quizix Cumulative Volume Pumped 0.919
Azbil Differential Pressure between I&P 0.707
Injection Bottomhole Pressure 0.664
Signature B

Triplex RPM Calc Flow 1.0
Triplex RPM 1.0
Injection Alicat Air Pressure 0.921

Signature C
Recirc Pressure 1.0

Recirc Flow rate 0.994

Los Alamos National Laboratory 99




EGS Collab: Interrelated measurements

Signatures / Measurement attributes

Signature D
Water Tank Outlet Temperature

Injection Flow Turbine HF Corrected

Injection Flow HP Turbine-Low Flow Temp Corrected
Production Bottomhole Pressure

PSB Collar Flow

Production Interval Outlet Temperature

Quizix Pressure

Injection Interval Temperature

Signature E
Production Lower Packer Element Pressure

Production Upper Packer Element Pressure

Los Alamos National Laboratory

Weights

OO O0OO0OO0O0OO0OO®M

o

.988
.988
. 957
. 943
.918
.874
.86

.941
.94

“¢ Los Alamos
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GeoThermalCloud:

Slides summarizing more about methodology

e NMFk
e NTFk

Los Alamos National Laboratory



Nonnegative matrix factorization e

X
[20 x 5]

X — data matrix
[attributes x locations|

Los Alamos National Laboratory



X=WXH
[20 x 5] =[20 x 2] X [2 x 5]

X — data matrix
[attributes x locations]

W — feature (signal) matrix
[attributes x signatures]

H — mixing matrix
[sighatures x locations]

Los Alamos National Laboratory
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Nonnegative matrix factorization

Los Alamos National Laboratory

X=WXH
[20 x 5] =[20 x 2] X [2 x 5]

104



%

Nonnegative matrix factorization

X=WXxH
[20:% B] = [20 % '?] X% [T x 5]

= 100 knowns

X |: :| = unknown number of signatures
(2 or more)

= unknown matrix elements of W and H
(50 or more)

Los Alamos National Laboratory



Nonnegative tensor factorization

os Alamos National Laboratory



Nonnegative tensor factorization

X~~GEGQHQWRQV

”
m, M]

Los Alamos National Laboratory



Nonnegative tensor factorization

e
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