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Science-informed Machine Learning to Accelerate Real Time (SMART) Decisions in Subsurface Applicat

Motivation

* Computed Tomography (CT) scanning enables um scale
interrogation of rock cores

e Segmentation of CT image features is necessary for
guantitative analysis of these samples

* Manual segmentation is time consuming

 Machine learning (ML) methods can overcome this
bottleneck

 Rapid CT segmentation is required for inclusion of pore-
scale properties in up-scaled flow models
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Test Cases

e 512-pixel image cubic volumes

 Two different CT scanners used to image cores with vastly
different properties and heterogeneities

* Two samples selected for initial analysis

— Homogenous — Sintered Glass

(FDMSS) highlights this variability

— Heterogenous — Berea Sandstone

 Pore labeling varied between iLastik segmentations performed across labs, with porosity
agreement ~70% between all three segmentations

* Connectivity varied more significantly in segmented volumes, and the resultant
permeability estimates using an open-source Finite-difference method Stokes solver

Supervised Learning

PSU
* U-net

* Trained with llastik
segmentation

Prakash Purswani
Q}vv:.ﬁa‘-‘g
¢ et ol gk e
cﬁ,"‘:}‘ﬁ' bﬁ"r St g _.
Resolution 25um Resolution 1.7679um
Measured Porosity 33% Measured Porosity 18.84%
Measured Permeability 124.7mD Measured Permeability 425mD

& U.S. DEPARTMENT OF

av ot
......
" y
s (>

rrrrrr

&

==]NATIONAL
== |[ENERGY
T L [EsHNoLtocY
LABORATORY

O

~
%@ Los Alamos

MINES m

ENVIRONMENT

BERKELEY LAB

COLORADO

EARTH ENERGY

BATTELLE

SMART Developed

Techniques

@ PennState

XestVirginiaUniversity

Lawrence Livermore
National Laboratory

Measured iLastik CSM EERC PSU
33% 28.43% 22.86% 30.58% 25.07%
Pore Surface Area Connectivity

Glass Glass
E |
3 | £ |
< % |
3 3 ,
..g c C CSM
3 )
% Berea 2500 Berea
B 2000 I
o } 1500 l

0 T T

Summary

 The use of advanced ML techniques developed by the SMART labs
have a similar porosities to the random forest classification
technique but tend to run faster and with less direct expert input.

* Incorporation of these methods in the workflow to upscale
properties to grid blocks and field scale models is being explored in
parallel with efforts to improve the speed, repeatability, and
accuracy of the segmentation techniques.
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