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Geologic Reservoir Data Issues

® Gaps, Uncertainties, Errors & Inaccuracies

e Representativeness & Information Content

e Differences in spatiotemporal support scales of data & features/processes
e Heterogeneity (faults, facies, layers, synclinals, vents, volcanos, ...)

e “Hidden” (latent) features/signatures
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GeoML: Cloud software suite for geospatial ML analyses

o Physics- and geology-aware ML algorithms

« Automated cross-validations and fine tuning

 ldentifying the best multi-scale(step) approach for a given dataset/problem
o Geospatial test problems & benchmarks

o ML multi-scale(step) techniques (with standardized APIs):

o Nonnegative matrix/tensor factorization (NMFk/NTFk)
Support Vectors (SVM/SVR)

XGBoost/EvoTrees

Inverse Distance Weighted (IDW)

Spatial splines/Minimum curvature (Biggs FD and classical)
Kriging/Vecchia/Gaussian Process/Nearest Neighbour Gaussian Process
Kriging Convolutional Neural Networks (KCN)

Gaussian Markov Random Field (GMRF)

GNNs, MLPs, CNNs, LSTMs, Diffusion Models (DMs)
Stochastic PDEs (SPDE)

Transformers

Differentiable physics models (analytical/numerical)
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Multi-scale(step) ML approach for geospatial analyses
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Reservoir
scale scale scale
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GeoML: Multi-scale(step) approach for geospatial analyses

Step 1: Step 2
Trend (feature) Spatial residual
explorers ‘ explorers
NMF/NTF - MLP - XGBoost Kriging/Co-Kriging -
- EvoTrees - Splines Vecchia - GMRF - NNGP -
Kriging/Co-Kriging - KCN IDW - KCN - MLP
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GeoML: Multi-scale(step) approach for geospatial analyses

Step 3:

Step 1: Step 2 Physics
Trend . Spatial _| models

(feature) residual (DPSim,
explorers explorers Wells,

Anasol)

&
<
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GeoML: Multi-scale(step) approach for geospatial analyses

Physics integration

e Analytical flow expressions (well equations: Theis, Hantush, etc.)

® Analytical transport expressions (Fickian and non-Fickian dispersion models)

® Numerical simulators (DPSIm)

e Differentiable programming (Julia)
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Data, Models, Machine Learning ...

e Data assimilation
e Data imputation

e Model inversion (calibration)

® All infer missing or hidden information from uncertain observations

® |n Bayesian view, they can be viewed as conditional inference
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Geospatial problem
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Geospatial problem (~95%)
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Geospatial problem (tru

covariatel true (missing=0.0%) covanate? true (missing=0.0%) oovariate3 true (missing=0.0%)
y W ama ey e g 100y S Ll v T g ;
RN Y T SRR
- * ﬁ -

-

¢ sand 2
F
¢ shale
limma ¥ 1
Mssng U]
]
Z
& |.I35. = F
e L
o e ”w
T e Y A
o - - '.'.o...'!‘...;ﬂ-...:..‘.ﬁ.-... & L
] 50
X X

== envitrace



Geospatial problem
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Geospatial problem

gorical Match Quality
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eospatial problem
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Well-log demo problem
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Well-log demo problem
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Big data gap imputation
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Big data gap imputation
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Performance

Pareto Frontier: Mean RMSE vs Mean Runtime
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Runtime (s)
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Physics layer (pumping tests)
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Physics layer (pumping tests)

Base abs error Physically-adjusted RobustML abs error
e @ ool @- T o T e T s OO .
y e ° ¢ ':'. . @ * 0_. w e e 1000 ; : :
e ° o & % 0 v8° § e o : : > 3
@ *. ) - 0 ® o
o. o i ® .n.. ® ..,? . ®: o o LS
e P gon % ed 0 o, % o 5 o
* % v o ¢, e - e
.. ® e o ® L] e abe » - -
®s o * o e ° o
P ACEE Wl ST PR T Y.
08 o0 % et b . o .
° o *%. 0 ® %9 o0
e s s Yo' o o I o v %o | ° )
o eoe® .® o ® iy (. *_ . & .,"__ : 0.5
E st 2% Gee o % 9t C o2 &7 i J04 E
= 500 --;----4 Ra-g-----ooo e 2 T v .- -9, ------- e i 500 --i-ro--Cim e sannnnennannns R Sl ROTSELC BT E L P FOREFPREED e
= ¢ @ 8. RN UE S A [ - o :
- o @ L] LK H >~ L] 15l
: 4 ..' . L '. : 0'2
H ot b ® i
?c.i ‘ o‘ 5. ) : o 23 ‘-'.'(. %« 10!
. & - @) . H
. 5N “eSce e ° o, * o ..". oew i 00 : : e
P et g0 e ° e ‘e @ L * @ : 7
: ~ -‘] s ¢ L L . > ®p o
'.i-. Y .. ... o ... ,= ® &.. .‘ ra. ..‘ ~
r, ) ™ L ... L] [ H [ ]
" o. o e o o 3. = e [ . ® : : °
.J. .r. ..:E..r ‘ 0.. ."i X .c
° L o 20" 0,0 %, "« E . o
a ! o ' :
0 e ._!_.__f__.._'.'__!__. ,' ! -®-- g __!._ o oot 0 _, _____________________________ i@ nandannir e @s Pisanatiansannsee@inasnannnhe
] 500 1000 0 500 1000
x (m) x (m)

== envitrace



Physics layer (pum

Base ML permeability

Base ML log10(K)

True log10(K)
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ping tests)

Physically-adjusted permeability

Adjusted log10(K)

True log10(K)
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Physics layer (pumping tests)

Example pumping-test pressure response

Curve

[ observed
: [l base_ml
M theis_adjusted

pressure drop (kPa)

time (min)
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Great Basin Datasets (1 26 attributes in total)

Magnetics
Radiometry
Gravity

LI, MFg Na, Fe, HCO3, Si02,
SO4 K, B Ca, Cl, As,

O O O O

Inputs:

250

Heat flow

o Favorable Geothermal
Structural Settings
(INGENIOUS project)

o Quaternary Faults
o Well & Spring Chemistry
o Principal Aquifers

O
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Finding a Needle in a Haystack
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Geothermal Temperature:

Temperature [°C]
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Data vs Prospectivity
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Lithium: Data vs Prospectivity

Lithium Prospectivity [normalized]
o S

Lithium Groundwater Concentrations [ppb]
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Boron: Data vs Prospectivity

Boron Groundwater Concentrations [ppb]
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Our SaaS

== envilrace GAIA: Geospatial Al Dashboard

Geothermal model
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A | / M L C lO u d p rO d u Ct fo r eO Geothermal analyses based on a dataset with 4744 points
g Energy Production/Storage
. Stanford Geothermal Model USA reduced.jld2 ~  Load < | K-40 [%K] VJ >
spatio-temporal analyses g v
Van?a*&n‘rer ' \ T \ \"——\';"_ R ’ NTAR
Geysers Seismicity -3 R - = P i
2

o Public and proprietary data

U.S. Geothermal Por\.land

Feature Extraction (temporal) OREGON DAHO S e | \ {eToronton

o Various supervised, unsupervised, and - i e I

Feature Extraction (spatial)

physics-informed ML methods ‘

) Hotabooks X o colotoo United States T
o Accounting for physics and geology -
€ Layers v
o Accounting for data gaps and — . |
measurement errors e . s
o Extraction of hidden geologic features o S )
[ Analytics v

o Estimation of prospectivity and
productivity

http://envitrace.com/saas
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Spatial Feature Extraction
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o Our Al workflows allow for efficient, fast and robust data assimilation
o Exploration of ML alternatives

o Testing & Benchmarking

o Extracts features

o Imputes data

o Evaluates prospectivities

o0 SaaS dashboard: http://envitrace.com/saas
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Work is partly funded by DOE SBIR Grant DE-SC0022697 titled “GeoTGo: Equitable and
inclusive tool for community-based geothermal development” and DOE SBIR Grant DE-
SC0023594 titled “GeoML: Al/ML for interpretation of geoscience data and prediction of
geologic reservoir engineering activities”.
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