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Machine Learning (ML) methods
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►Supervised ML: learns everything from data
⇒ requires big training datasets
⇒ highly impacted by noise

► Physics-informed ML: learns from data but includes preconceived knowledge about  the 
governing processes
⇒ requires smaller training datasets
⇒ produces better predictability with lower uncertainty
⇒ robust to data noise

► Unsupervised ML: extracts features from data that can be applied for categorization  and 
prediction
⇒ unbiased analyses not impacted by data labeling, subject-matter-expert opinions,  and 

physics assumptions
⇒ however, physics constraints can be added
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SmartTensors
● Novel LANL-patented open-source ML toolbox
● Unsupervised and Physics-Informed Machine 

Learning (ML)
● Based on matrix/tensor factorization coupled with 

custom k-means clustering
● Allows for nonnegativity/sparsity/physics 

constraints:
○ NMFk: Nonnegative Matrix Factorization
○ NTFk: Nonnegative Tensor Factorization
○ https://github.com/TensorDecompositions

● Capable to efficiently process large datasets 
(TB’s) utilizing GPU’s, TPU’s & FPGA’s
○ Flux.jl, AutoOffLoad.jl, TensorFlow, PyTorch
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https://github.com/TensorDecompositions
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SmartTensors Applications
● Field Data:

○ Contamination

○ Climate

○ Geothermal

○ Seismic

○ Oil/gas production

○ CO2 sequestration

○ Wildfires (California 2020)

○ COVID-19

● Lab Data:

○ X-ray Spectroscopy

○ UV Fluorescence Spectroscopy

○ Microbial population analyses

○ Isotope fractionation
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● Operational Data:

○ LANSCE: Los Alamos Neutron  Accelerator

○ Oil/gas production

○ CO2 sequestration

● Model Outputs:

○ Reactive mixing A + B → C

○ Phase separation of co-polymers

○ Molecular Dynamics of proteins

○ Climate

○ CO2 sequestration

○ Wildfires
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GTcloud: ML geothermal exploration
● Diverse datasets incorporated and 

analyzed:
○ geochemistry data (Great Basin)
○ geothermal, geophysical, 

geochemistry, and geological data 
(NV, UT, CA, NM, TX, HI)

● Innovative LANL-developed 
(patented) open-source ML methods 
(SmartTensors) applied 
(http://tensors.lanl.gov)

● Hidden signatures (signals) and 
dominant attributes critical for 
exploration of hidden geothermal 
resources have been identified 
(extracted) 5

http://tensors.lanl.gov
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GTcloud: ML geothermal exploration
Southwest NM
(Stanford & GRC, 2020)
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GTcloud: ML geothermal exploration
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GTcloud: ML geothermal exploration
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GTcloud: ML geothermal exploration
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GTcloud: ML geothermal exploration
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GTcloud: ML geothermal exploration
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GTcloud: ML geothermal exploration
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GTcloud: Great Basin
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• Geochemical data are easier to collect 
compared to geophysical and 
well-logging data

• Geochemistry provides critical inference 
during early stage of geothermal 
exploration

• Geochemistry can be applied to infer 
reservoir temperatures, geothermal 
conditions, reservoir boundaries, and 
heat source type (e.g., meteoric, 
magmatic, mixed)

• Geochemistry also represents water / 
rock interaction

Study area with 14,258 data points



GTcloud: Great Basin Data Attributes 
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Attribute Minimum Mean Maximum Missing (%)
Groundwater temperature (℃) 0.1 23.7 275 2.6
Quartz geothermometer (℃) -50.8 81.0 273 39.1
Chalcedony geothermometer (℃) -81.6 50.3 271 39.1
pH 1 7.5 11.7 35.0
TDS (total dissolved solid) (PPM) 0 5770 329000 87.8
Al3+ (PPM) 0 7.3 6400 90.5
B+ (PPM) 0 3.1 590 61.7
Ba2+ (PPM) 0 0.1 27.4 82.4
Be2+ (PPM) 0 0 0.7 88.5
Br- (PPM) 0 2.0 84 86.4
Ca2+ (PPM) 0 97.0 2570 33.6
Cl- (PPM) 0 2870 240000 29.2
HCO3

- (PPM) 0 278 37000 76.1
K+ (PPM) 0 101 13000 40.8
Li+ (PPM) 0 4.95 970 80.3
Mg2+ (PPM) 0 86.8 8500 34.8
Na+ (PPM) 0 1960 160000 38.2
𝛅18O  (‰) -19.2 -14.6 7.8 89.7

● 18 data attributes 
● 14,258 locations
● Matrix size:

14,258 x 18
● Dataset is sparse
● Dataset is 

normalized (bringing 
attribute values to a 
common scale) 



GTcloud: Extracted Great Basin Geothermal Signatures
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Three signals
● Three signals: low- (A), medium- 

(B), and high-temperature (C) 
resources

● Four signals: low- (B), medium- 
(A,D), (A) and high-temperature (C) 
resources

● Five signals: low- (E), medium- 
(A,C,D), and high-temperature (B) 
resources

Four signals Five signals



GTcloud: Significance of Great Basin Signatures
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Signals and attributes

● A: Low-temperature resource
○ TDS, B, Br

● B: Medium-temperature resource
○ Cl, pH, Ba, Ca, HCO3, Mg

● C: High-temperature resource
○ pH, Be, HCO3, Quartz and 

Chalcedony geothermometers, 
Al



GTcloud: Spatial Distribution of Great Basin Signatures
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● ML also estimates the spatial 
distribution of hidden geothermal 
signatures

● Spatial distribution of the 
signatures represents spatial 
extent of different hidden 
geothermal resources

○ C: high-temperature 
○ B: medium-temperature
○ A: low-temperature
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Hidden signals

Utah Forge
(GRC, 2020)

GTcloud: ML geothermal exploration

S5
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Hidden signals

Tularosa 
Basin
(GRC, 2020)

GTcloud: ML geothermal exploration
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● geophysical, geological, 
and geochemistry datasets 
processed

● Hawaii islands analyzed 
simultaneously and jointly

● dominant attributes 
associated with each 
island discoveredSampling locations

Hidden signals @ Oahu Island

Hawaii Islands
(GRC, 2020)

GTcloud: ML geothermal exploration
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Summary
● SmartTensors: Novel LANL-patented 

open-source ML toolbox for unsupervised 
and Physics-Informed Machine Learning

● SmartTensors have been used to  solve 
various real-world problems

● SmartTensors examples, tests, notebooks, 
papers, presentations, applications:

○ http://madsjulia.github.io/Mads.jl/Examples/blind_source_sepa
ration  http://tensors.lanl.gov

○ http://tensordecompositions.github.io
○ https://github.com/TensorDecomositions
○ https://hub.docker.com/u/montyvesselinov
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http://madsjulia.github.io/Mads.jl/Examples/blind_source_separation
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